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Abstract

This paper investigates how language models
(LMs) reproduce the existing gender disparity
found in German media discourse about arti-
ficial intelligence (Al). Building on a human-
annotated corpus of quotations from German
media discourse on Al, we first quantify the fre-
quency with which male and female speakers
are directly cited across domains and speaker
roles. We then train LLaMmlein (Pfister et al.,
2025), a state-of-the-art German-only language
model, GBERT, and a logistic regression model
using only the quoted text as input and with-
out providing any gender cues to classify the
quotation as originating from a male or female
speaker. By comparing model predictions with
corpus-based gold labels, we find that male
voices dominate both the corpus and the model
predictions. Balancing the data mitigates but
does not fully eliminate this disparity, indicat-
ing that the strong male-default tendency of
transformer models cannot be explained by
corpus skew alone, but also by their priors
from pretraining. The study contributes to
the interpretability of language models’ out-
put for DH-related tasks, adaptation of NLP
tools to domain-specific humanities corpora,
and knowledge modelling in the humanities.

1 Introduction

Current language models are trained on large cor-
pora in which male speakers are typically more
visible than female speakers (Brennen et al., 2019),
particularly in domains stereotypically associated
with men, where male speakers are more frequently
cited than female speakers. We hypothesise that
such models replicate patterns from their training
data and tend to assign the male label more regu-
larly than the female label. This model behaviour
can be tested in cases where gender is not explicitly
marked in the text. However, to our knowledge,
this kind of model performance has not been inves-
tigated on German-only language models.
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In this paper, we draw on a gender classifica-
tion task as a diagnostic probe. Therefore, the
goal of the paper is not to build a "gender predic-
tor" in which the model learns gender from lin-
guistic cues in the quotes, nor to create a system
that accurately infers the “true” gender of quoted
speakers, but to test how the training distribution
(including bias) affects the model’s behaviour and
how pre-existing biases in language models surface
when they are applied to quotations. By remov-
ing overt gender markers and evaluating on a bal-
anced test set, any systematic male—female asym-
metry reflects learned associations in the model
and/or in the training distribution rather than ex-
plicit cues. This makes the setup meaningful for
DH use cases where such models may be used to
(semi-)automatically tag speaker metadata in cor-
pora.

Specifically, we focus on two research questions:
(1) How are gender and social roles distributed in
German Al discourse?, and (2) Do model predic-
tions reproduce the empirical gender imbalance in
our dataset? We compile a set of direct quotations
from the German media discourse about Al, for a
stratified subset in which the speaker’s gender can
be identified from external sources, and we com-
pare the corpus-based gender distribution of cited
speakers with the gender predictions produced by
the fine-tuned German-only model LLi&Mmlein
(Pfister et al., 2025). We compare its performance
with GBERT and logistic regression.

After providing a theoretical background (Sec-
tion 2) and methods (Section 3), we present results
in Section 4 and discuss their implications in Sec-
tion 5.

2 Related work

We use disparity as the main term for the cor-
pus and model outputs because our primary mea-
surements are descriptive and observable (Barocas
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etal., 2023): (1) the unequal representation of male
vs. female quoted speakers in the dataset, and (2)
asymmetric error rates of models. We do not claim
to identify the underlying causal mechanisms (e.g.,
intentional discrimination, editorial practices, or
broader societal inequities) and therefore avoid the
more normatively loaded label bias for the em-
pirical counts themselves. At the same time, we
connect our findings to the broader bias-in-NLP
literature (Bartl et al., 2025; Gallegos et al., 2024)
by treating these disparities as downstream risks.
When used as annotation assistants, models can
systematically under-tag female speakers.

The topic has received growing attention with
the advancement of language models (Jenny et al.,
2024; Ho et al., 2025) and use mainly English data
(Yang et al., 2025). Recent studies focus on de-
tecting gender bias in literary texts or song lyrics,
using English data and word embeddings or topic
modelling methods (Chen et al., 2025). Another
line of research is centred around identifying gen-
der disparities in LLM-generated responses (Rhue
et al., 2024; Wan et al., 2023; Fulgu and Capraro,
2024), creating alignment datasets (Zhang et al.,
2025) or proposing (LLM-based) methods for iden-
tifying gender imbalances in training data (Derner
et al., 2025). In German, other types of bias, such
as epistemological bias in parliamentary debates,
were investigated in Rehbein et al. 2024. Brennen
et al. 2019 examine which Al experts are granted
authority to shape narratives in the media over 30
years in the US and the UK, noting that the ten
most-cited Al scholars account for 70% of the me-
dia space in both countries. They also find a strong
bias against female experts in their dataset. Nguyen
and Hekman 2022 found that reporting about Al
is dominated by a small group of ‘Al alpha jour-
nalists’ who account for a disproportionate number
of articles. Ryazanov et al. 2024 observe a signifi-
cant increase in mentions of government agencies
and people in leadership positions (via the Leader-
ship frame), suggesting that industrial leaders and
governments play a greater role in Al discourse
post-ChatGPT.

Quotation detection is only part of our method-
ology in Section 3, and we do not aim to develop
a new approach to this technique. However, it is
noteworthy that many studies address methods for
automatic quotation identification and attribution,
but usually do not focus on gender asymmetries
(e.g., Petersen-Frey and Biemann, 2024b; Brun-
ner, 2013; Tekir et al., 2023; Petersen-Frey and
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Biemann, 2024a) and use literary dialogues as a
dataset (Van Cranenburgh and Van Den Berg 2023,
Underwood et al. 2018).

3 Methodology

Data collection and preprocessing. We queried
the subcorpus Webmonitor from the Digitales
Worterbuch der deutschen Sprache (DWDS)! for
the token K7 (kiinstliche Intelligenz ‘artificial in-
telligence’) for the period 01.01.2025-01.12.2025.
The Webmonitor subcorpus (Nolda et al., 2023)
is a daily-updated collection of German-language
web sources. It is therefore particularly suitable
for observing current linguistic trends. It com-
prises online texts, blogs, and news articles on
various topics (politics, sports, lifestyle). Given
the high number of hits (131,094) for this pe-
riod, we restricted the search results to one month
(31.10.2025-30.11.2025) to make human annota-
tion manageable. This restriction yields 15,003
hits. Based on the search results, we constructed
a corpus of articles that explicitly use this term.
Henceforth, we refer to this corpus as the Al Cor-
pus. Note that we define Al discourse as quotations
from news and web articles whose main topic is
Al Many quotations do not explicitly mention Al
or use the term, but they address its consequences,
risks, governance, or related economic and social is-
sues. We exported hit lists with source URLs from
DWDS. Since DWDS does not support full-text
retrieval, we crawled and cleaned full-text articles
using Trafilatura (Barbaresi, 2021). We retrieved
6,059 full articles. Importantly, DWDS was used
only to export hit lists including article URLs, not
to retrieve full texts. Full texts were downloaded
from the linked publisher pages and extracted with
Trafilatura based on the exported URL lists.

Quotes subset and preprocessing. We automat-
ically extracted candidate quotations and speaker
candidates from the full articles using a combined
regex—spaCy heuristic. First, we identified all text
segments enclosed in German quotation marks
(e .., 00 %, ».. . «) 1n each article and retained
a context window of +200 characters around each
segment. On these context snippets, we applied
the German spaCy model (de_core_news_md) to
obtain tokenisation, POS tags, lemmata and depen-
dency parses. We then searched each snippet for a
reporting verb whose lemma belongs to a manually

https://www.dwds.de/



compiled list of communication verbs and whose
grammatical subject (dependency labels sb/nsubj)
refers to a speaker candidate. Our reporting-verb
list is intentionally conservative: we prioritise pre-
cision in speaker attribution over exhaustive cov-
erage, and accept lower recall because candidates
are subsequently sampled and manually filtered for
relevance.

As potential speaker candidates, we treated (i)
proper names, (ii) personal pronouns and (iii)
noun subjects whose dependency subtree contains
person-like elements, capturing patterns like die
Sprecherin von Bitkom, Anja Miiller ’the speaker
of Bitkom, Anna Miiller’. For each quotation, we
stored a boolean flag indicating whether such a
reporting-verb—subject configuration was present,
as well as the surface form of the subject as a
speaker_candidate. Only quotations with at least
one speaker candidate near a reporting verb were
retained as candidates for subsequent manual an-
notation. The quotations coming from the same
speaker were not merged. In this way, we extracted
7,142 quotations.

Quotations that were clearly not relevant to our
research question (e.g., quoted dialogues from book
and song titles, or ironical quotes like KI "under-
stands") were manually excluded by the author
(3174 cases). This cleaned subset, comprising 3968
quotations, was provided to human annotators. We
refer to this subset as the Quotation Corpus.

For all modelling experiments, we used only
the quotation text as input and systematically re-
moved explicit gender cues referring to the speaker
(e.g. names, pronouns, or gendered titles). Thus,
the models were exposed to quotations that, as far
as could be automatically and manually detected,
contained no direct gender information about the
quoted person. Indirect correlations between word-
ing and gender (e.g. topic or style differences)
may remain. We did not alter non-speaker-related
gendered language inside the quote.

Human annotation. Two annotators first exam-
ined the quotations from the corpus for their rele-
vance to Al discourse, providing a binary decision
for each quotation (relevant or irrelevant) based on
annotation guidelines®. Annotators saw the quota-
tion together with the surrounding reporting clause
and +1 sentence of context. Because of cognitive
load and potential inconsistencies (annotators may

2Annotation guidelines and code are available at: https:
//osf.io/m5xqw/overview
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read different amounts of text), we retain full arti-
cles only for complex cases during the adjudication
step. The agreement between annotators was sub-
stantial (Cohen’s k = 0.72). Cases of disagreement
were resolved through majority vote performed by
the author. Of 3968 quotations, 3195 were anno-
tated as relevant, and 773 were labelled as irrele-
vant after adjudication.

The author annotated these 3195 quotations for
the perceived gender of the quoted speaker (male,
female, or neutral/unknown). Because gender was
not identifiable in all quotations and the annotators
were not provided with the full texts, the speaker’s
gender was annotated by the author based on con-
text or, in ambiguous cases, on the full article. To
estimate inter-annotator reliability, 200 of the 3,195
quotations with clearly identifiable speaker gender
were randomly sampled and independently labelled
by a second annotator, yielding Cohen’s x = 0.98
(almost perfect agreement with the author’s labels).
After adjudication, these quotations remained in
the corpus and are included in the final dataset used
for modelling. We treat gender as a property of
how speakers are represented in the media, not
as a claim about their identity, and explicitly ac-
knowledge the limitations of binary gender labels.
Quotations annotated as neutral/unknown (277 of
3,195, e.g., multiple speakers or only a surname
mentioned in the full text) were excluded, leaving
2,918 quotations for modelling.

The two annotators who assessed the rele-
vance of quotations for Al discourse also anno-
tated the 2,918 quotations for social_role (com-
pany_executive, expert, researcher, politician, jour-
nalist, spokesperson, worker, user, artist, cleric, ac-
tivist, celebrity) and domain (work, everyday use,
IT domain, finance, culture and arts, data_privacy,
education, health, cybersecurity, military) accord-
ing to the annotation guidelines. Domain labels
were derived from outlet section metadata (via
DWDS hit lists) and harmonised into a unified
scheme. Source-role labels follow the taxonomy
proposed by Asr et al. 2021b. The author resolved
disagreements to obtain a gold standard. Inter-
annotator agreement was very high, with Cohen’s
Kk = 0.982 for social roles and k = 0.922 for do-
mains, providing a robust basis for the subsequent
modelling experiments. The speaker_candidate
field was automatically identified (see above). The
author reviewed these candidates and, where neces-
sary, drew on the full article to provide information
about the speaker’s job or role.
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Baselines. As a trivial reference point, we in-
clude a majority baseline that always predicts the
majority class (“male”) observed in the annotated
dataset. This baseline reflects the global skew in
the data. Evaluating all models against this baseline
on the balanced test set allows us to see whether
they learn anything beyond reproducing the overall
male dominance. As a standard supervised NLP
baseline, we train a logistic regression classifier
on TF-IDF representations of the quotation text.
Unlike pretrained language models, this classifier
has no external-world knowledge and no pretrain-
ing corpus. Any systematic preference for male or
female labels would therefore directly reflect the la-
belled Al data. Next, we fine-tune the GBERT base
(deepset/gbert-base, Chan et al. 2020) transformer
model as a binary sequence classifier with labels
male and female. We select GBERT as a strong
German encoder baseline because it is a widely
used BERT-style model pretrained on large Ger-
man corpora (news, web text, Wikipedia), thereby
providing a well-established reference point for
German text classification.

Main model. We use the LLaMmlein 1B (LSX-
UniWue/LLaMmlein_1B, Pfister et al. 2025), an
open German-only decoder-only language model
trained from scratch on German data. In con-
trast to GBERT’s encoder architecture, LLAMm-
lein is a generative transformer that is typically
used for text generation. We adapt it to our clas-
sification task by fine-tuning it with QLoRA, a
memory-efficient adapter method well-suited to
small datasets (Dettmers et al., 2023). By compar-
ing GBERT and LLiMmlein, we can test whether
the observed male-default tendency persists across
different transformer types. The TF-IDF/logistic
baseline serves as a non-pretrained control. The
key hyperparameters for GBERT-N/B, LLiMmlein-
N/B, and the TF-IDF/logistic regression baseline
are provided in Appendix Table 14. We also ex-
plored several prompting-based approaches (zero-
and three-shot prompting with the unfine-tuned
LL&Mmlein-1B model), but all proved methodolog-
ically unreliable. For all models, the inputs are de-
gendered quotations, without broader article con-
text. We excluded quotations with fewer than four
tokens (191 of the 2,918 manually annotated quota-
tions) from modelling experiments, as they provide
too little linguistic material for gender classifica-
tion. From the 2,727 remaining quotations, we first
drew a fixed, held-out test set of 171 quotations (86
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female, 85 male) by stratified random sampling on
gender only. All models are evaluated on this same
balanced test set. The remaining 2,556 quotations
form the pool for training and development. In the
natural condition (-N), we randomly split this pool
into 2,044 training instances and 512 development
instances, preserving the observed gender skew. In
the balanced condition (-B), we downsample the
non-test items only by gender to create a 50/50 bal-
anced training set of 796 quotations and a separate
balanced development set of 171 quotations. Thus,
-N and -B are two alternative ways of partitioning
the same 2,556 non-test items. In both cases, the
balanced test set is never used for downsampling
or model selection. Alternative strategies such as
class-weighted loss functions were considered but
not pursued, as our primary aim was to contrast
a “natural” gender distribution with an explicitly
balanced training regime in a transparent and easily
interpretable way. Exploring more fine-grained de-
biasing techniques (e.g. class weights, focal loss) is
left for future work. The -N/-B design was applied
only to the two transformer models to assess how
they reflect the gender disparity in our dataset and
how changes in the training distribution affect their
performance. Logistic regression is trained and
tuned on the same balanced train/validation splits
as the -B transformer models and evaluated on the
same balanced test set.

Evaluation metrics include overall accuracy,
macro-averaged F1 score, per-gender precision and
recall, and the proportion of quotations predicted
as male versus female. The qualitative error analy-
sis focuses on misclassifications across social roles
and domains.

4 Results

Descriptive statistics. Of 2,918 manually anno-
tated quotations, 79% are attributed to male speak-
ers (2,304 instances) and only 21% to female speak-
ers (614 cases), indicating a substantial gender dis-
parity in the dataset and supporting results obtained
on English data (Asr et al., 2021a).

The distribution of social roles is highly uneven
(see Appendix Table 8). Half of all quotations
are attributed to company executives (1,459 in-
stances), followed by experts (15%), researchers
(11%) and politicians (7.8%); all other roles (artist,
user, worker, spokesperson, journalist, cleric, ac-
tivist, celebrity) each account for less than 4% of
the corpus. In almost all roles, male speakers pre-



dominate: for example, 85.3% of company execu-
tive quotations and 77.9% of expert quotations are
attributed to men, and men almost exclusively hold
roles such as activist (95% male). Female speak-
ers dominate only in a few comparatively small
categories, such as journalists (64% female), and
are closer to parity among spokespersons (44.8%
female), users (36.4% female), and workers (38.6%
female, all row-wise percentages). Because several
of these roles have low absolute counts, we treat
such patterns as descriptive tendencies rather than
robust statistical differences. Human annotations
serve as a gold standard to assess how different
models reproduce this gender disparity.

The two largest domains are work (31.2% of all
quotations) and everyday use (29.8%), followed
by IT (17.6%). Other domains, such as finance,
education, culture, or health, account for much
smaller shares (Appendix Table 11). Within almost
all domains, male speakers clearly predominate.
For example, 84.3% of quotations in the work do-
main and 86.9% in the IT domain are attributed
to men, with similarly high male shares in finance
(76.4%), data_privacy (81.3%) and especially cy-
bersecurity (94.1%). Female speakers constitute
a higher relative proportion only in a few areas,
most notably education (49.5% female, essentially
parity), culture (35.3% female), and health (36.1%
female). Column-wise percentages show that male
quotations are concentrated in work, everyday use
and IT. In contrast, female quotations are more dis-
persed and relatively more frequent in everyday
use, education, culture and health. As with so-
cial roles, some of these domain-specific patterns
involve small absolute numbers and should be in-
terpreted cautiously, but overall they reinforce the
picture of an Al discourse in which male voices
dominate across most topics. Tables 1 and 2 sum-
marise the gender distribution across most frequent
social roles and domains (for a more detailed break-
down, see Appendix Tables 9,10,12, and 13).

Finally, we examined gender based differences
in quotation length. Overall, quotations in the cor-
pus are relatively short (median length 16 tokens,
IQR 9-26), with a long tail of longer quotations
(up to 188 tokens). Female quotations have a mean
length of 19.8 tokens (median 15), whereas male
quotations have a mean length of 20.4 tokens (me-
dian 16). These minor differences suggest that the

3Aggregated category comprising artist, user, worker,
spokesperson, journalist, cleric, activist, and celebrity.
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Social N Female n (%) Male n (%)
role

company 1459 215 (14.7%) 1244 (85.3%)
ex.

expert 439 97 (22.1%) 342 (77.9%)
researcher 320 89 (27.8%) 231 (72.2%)
politician 228 56 (24.6%) 172 (75.4%)
other’ 472 157 (33.3%) 315 (66.7%)
Total 2918 614 21.0%) 2304 (79.0%)

Table 1: Gender distribution across major social roles in
the Quotation Corpus (row-wise percentages: for each
social role, they indicate the proportion of female vs.
male quotations within that role).

Domain N Female n (%) Male n (%)
work 909 143 (15.7%) 766 (84.3%)
everyday 869 216 (24.9%) 653 (75.1%)
use

IT 514 67 (13.0%) 447 (87.0%)
other* 626 188 (30.0%) 438 (70.0%)
Total 2918 614 21.0%) 2304 (79.0%)

Table 2: Gender distribution across major domains in
the Quotation Corpus (row-wise percentages).

strong gender imbalance observed in our data is not
an artefact of men being quoted at much greater
length.

Majority baseline. On the balanced test set, this
baseline reaches an accuracy of 0.50 but com-
pletely fails to recognise female quotations: male
instances are classified correctly in 100% of cases,
while all 86 female quotations are misclassified as
male (F1 = 0.00 for female; confusion matrix: 85
male—male, 86 female—male). This behaviour
mirrors a pure “male-by-default” strategy and pro-
vides a lower bound against which we can compare
more sophisticated models.

Logistic regression. On the balanced test set, this
model provides a comparatively neutral benchmark:
accuracy and macro-F1 are 0.57, with almost identi-
cal performance for male and female quotations (F1
~ 0.57 for both classes). Compared with the ma-
jority baseline, the TF—IDF model moves beyond
reproducing the global skew and instead offers a
relatively balanced treatment of male and female
speakers (37 female—male vs. 36 male—female
misclassifications on the balanced test set), provid-
ing a useful classical benchmark for transformer-
and LLM-based models.

*Aggregated category comprising finance, culture,
data_privacy, education, health, cybersecurity and military.



As shown in Appendix Tables 16 and 15, within
individual roles and domains, row-wise proportions
fluctuate (e.g., a slight dominance of male—female
errors for company executive and expert, and more
female—male errors in finance and culture), but
these patterns are based on small absolute counts
and remain relatively balanced overall. For exam-
ple, the model incorrectly predicts that a quota-
tion by a female researcher in finance is authored
by a male. However, it also predicts a female
speaker for a quotation by a male expert in the IT
domain, which contrasts with stereotypical associa-
tions with typical male and female professions and
expertise (see Table 3°). This error profile supports
our interpretation of the TF—IDF model as a com-
paratively “neutral” baseline on the balanced data,
against which the more strongly gender-skewed
behaviour of GBERT and LL&Mmlein can be con-
trasted.

Quote Gold Pred Role / Domain
It appears that in- female male finance / expert
vestors are taking

profits on these Al-

related stocks.

Al is trained, not male female expert/IT

programmed.

Table 3: Logistic regression misclassification examples.

GBERT. Under natural training (-N), GBERT
exhibits a strong male-default behaviour on the
balanced test set: a good performance on the vali-
dation set (val. accuracy ~0.81, macro-F1 ~0.53
after three epochs) changes completely when we
evaluate on the balanced test set, where overall
accuracy drops to 0.49 (chance level), with an F1-
score of 0.65 for male but only 0.06 for female.
The confusion matrix shows that GBERT correctly
identifies 81 of 85 male quotations (recall 0.95) but
misclassifies 83 of 86 female quotations as male
(recall 0.03). In total, it assigns the male label to
164 of 171 test instances (96%) despite the 50/50
class balance. Taken together, GBERT-N largely
reproduces the training skew and heavily under-
represents female speakers in quote-only classifica-
tion.

The qualitative error analysis shows highly asym-
metric error patterns. All misclassified male quotes
cluster around the use of Al in domains stereotyp-
ically associated with women, such as children,

In all tables, examples are translated from German,
glosses are omitted for space reasons.
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parenting, and education (see Table 4). Similarly,
GBERT-N frequently misclassifies female roles
stereotypically associated with men, such as fe-
male company executives or experts (see Appendix
Table 16 for a quantitative summary). A similar
pattern appears at the domain level. Female speak-
ers in the core Al domains, such as IT, are almost
exclusively misclassified as male. Only in everyday
use do we observe a small number of male—female
errors at all. In contrast to the comparatively sym-
metric errors of the logistic regression baseline,
these results show that GBERT-N does not merely
make random errors on the balanced test set. In-
stead, it exhibits a male default, which is particu-
larly evident among female speakers in high-status
roles and in central Al domains.

Quote Gold Pred Role / Domain

The models
reproduce these
mental patterns
and reinforce
them.
Al
replace
relationship
with friends or
parents.

female male researcher / IT

cannot male female

the

expert / use

Table 4: GBERT-N misclassification examples.

Balanced fine-tuning of GBERT (GBERT-B) im-
proves over the naturally trained model, but a male-
default tendency remains. After three epochs, val-
idation accuracy stabilises at ~0.59 (macro-F1 =
0.59). On the balanced test set, GBERT-B achieves
an accuracy of 0.56 and a macro-F1 of 0.54. How-
ever, the confusion matrix shows a clear asymme-
try: 67/85 male quotations are classified correctly
(recall 0.79) but only 29/86 female quotations (re-
call 0.34), with female—male errors still more than
three times as frequent as male—female (57 vs.
18).

Qualitative examples (Table 5) illustrate that mis-
classified male examples are related to domains
stereotypically associated with women (e.g., feel-
ings), and vice versa: topics such as robotics are
wrongly associated with male speakers (see ex-
amples in Table 5). Across social roles, female
company executives, researchers, and experts are
much more often misclassified as male than vice
versa (see Appendix Table 15 for a quantitative
summary). Overall, balancing mitigates but does
not fully remove the model’s inherited gender dis-



parity.

Quote Gold Pred Role / Domain
When robots female male journalist / IT
are  equipped

with Al Al gets

a body.

Al does not male female comp. exec. /IT

feel sad when
it experiences
‘pain’.

Table 5: GBERT-B misclassification examples.

LLaMmlein (natural skew). Under natural
training (-N), LLaMmlein also exhibits an evident
male-default tendency on the balanced test set. Af-
ter three epochs, it reaches an accuracy of 0.55 and
a macro-F1 of 0.47. Class-wise, it performs well
on male quotations (F1 = 0.68, recall = 0.94), but
much worse on female quotations (F1 = 0.27, re-
call = 0.16). The confusion matrix shows that it
correctly identifies 80 of 85 male quotes, but mis-
classifies 72 of 86 female quotes as male, with only
14 female quotes correctly recognised.

The error analysis again reveals a strongly asym-
metric pattern. Especially female company execu-
tives are systematically “pulled” towards the male
label (see examples in Table 6). Across domains,
we observe the same disparity: female speakers
in IT and finance are overwhelmingly misclassi-
fied as male, with male-to-female errors occurring
only sporadically in everyday use and work (see
Appendix Table 16 for a quantitative summary).
Compared with the more symmetric error profile
of the logistic regression baseline, LLaMmlein-N
thus behaves very similarly to GBERT-N.

Quote Gold Pred Role / Domain
The algorithm itself female male expert / use
plays an important

role (...).

Al chatbots pose a male female politician / use

serious threat to our
children (...).

Table 6: LLaMmlein-N misclassification examples.

LL4Mmlein (balanced fine-tuning). Balanced
fine-tuning of LLaMmlein (LL4&Mmlein-B) leads
to a much more symmetric behaviour than the nat-
urally trained variant. On the balanced test set, the
model achieves an accuracy of 0.57 and a macro-
F1 of 0.57, with performance similar for male (F1

= 0.58, recall = 0.61) and female quotations (F1
= 0.55, recall = 0.52). Overall, despite a slight
tendency to overpredict male labels, balancing the
training data substantially reduces the strong male
default observed in LLdMmlein-N.

However, domain-linked gender associations re-
main. For example, the model assumes a female
speaker for educational contexts and a male speaker
in the health domain (see Table 7). The errors
are almost evenly distributed (41 female—male
and 33 male—female). The symmetry in social
roles is most evident among company executives,
where female and male speakers are misclassified
as the opposite gender at equal rates. In other
roles, however, female researchers and experts are
still more often “pulled” towards the male label,
whereas some smaller categories (e.g., journalists)
show only female—male errors. Across domains,
LL#aMmlein-B behaves more evenly: in IT and
culture, errors are roughly balanced, and in ev-
eryday use male—female errors even outnumber
female—male ones, whereas in finance, health, and
military, all misclassifications still go from female
to male (see Appendix Tables 16 and 15 for a quan-
titative summary).

Quote Gold Pred Role / Domain
With Al, we bring female male politician/health
precision to the

surgery room.

This is how we com- male female expert/education

bine digital innova-
tion with real peda-
gogical impact.

Table 7: LLaMmlein-B misclassification examples.

Comparing GBERT and LL@Mmlein shows that
per-gender gaps (A = male — female for F1
and recall) are large under -N: GBERT-N yields
AF1= 0.59 and ARecall= 0.92, and LL4Mmlein-
N AFl1= 0.41 and ARecall= 0.78. Under -B,
LLdMmlein becomes close to symmetric (AF1=
0.04, ARecall= 0.09), whereas GBERT still shows
a notable gap (AF1= 0.21, ARecall= 0.45). A
simple non-parametric bootstrap over the 171 test
instances (B=10,000; percentile 95% CI) confirms
that the -N gaps are far larger than sampling noise
(e.g., GBERT-N AF1 CI [0.49, 0.67]; LLaMmlein-
N [0.30, 0.53]), while the balanced LLiMmlein-B
gap is compatible with zero (CI includes 0).

Exploratory tests find no statistically signifi-
cant domain dependence of error direction: only
LLiMmlein-B shows a modest omnibus associ-



ation (permutation p=0.024), with finance being
suggestive (Fisher p=0.006; FDR q=0.057). For
social roles, an omnibus permutation test indi-
cates an association only for GBERT-N (p=0.026);
male—female errors are rare and confined to few
roles, and no role remains significant after FDR.

5 Conclusions

This paper investigated the extent to which German
language models reproduce the existing gender dis-
parities found in German media discussions about
Al The approach accounts for the need to contex-
tualise fairness criteria used to evaluate biases in
LLM systems (Anthis et al., 2025) by focusing on
a specific context (public Al discourse).

On a balanced test set (50% male / 50% female),
neutral behaviour would correspond to roughly
symmetric performance across genders. Instead,
we observe that both GBERT-N and LL@Mmlein-
N systematically overpredict male speakers when
female speakers are equally represented in the gold
data. Therefore, gender disparity in their predic-
tions cannot be reduced to the annotated data alone
but is also shaped by their pretraining and archi-
tecture. This result is also supported by the obser-
vation that a logistic regression baseline performs
on par with, or slightly better than, GBERT and
LL#Mmlein on the balanced test set and exhibits
a highly symmetric treatment of male and female
quotations. The value of more complex architec-
tures in our study lies, therefore, less in raw per-
formance and more in their ability to reveal the
interaction between training distributions (natural
vs. balanced) and gender disparities in predictions.
Hence, if DH researchers use GBERT or LLiMm-
lein as an annotation assistant for speaker gender
in Al corpora, they risk systematic under-tagging
of female speakers, especially in high-status roles.
To mitigate skew, they should monitor per-group
errors and rely on human validation.

In addition to the mitigation strategies (see e.g.,
Ferrara 2023), we recommend raising researchers’
awareness of such biases by cultivating healthy
distrust (Paalen et al., 2025) toward model outputs.

Retraining on a balanced subset of the same ma-
terial improves the performance of both models, yet
in different ways: GBERT-B becomes a stronger
classifier overall but still systematically prefers the
male label, while LLiMmlein-B not only gains in
macro-F1 but also moves much closer to a sym-
metric treatment of male and female speakers, with
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comparable recall and more balanced error patterns.
Therefore, model choice and training regime matter
for downstream DH analyses, such as authorship at-
tribution (Rybicki, 2025). From a DH perspective,
this also suggests that simple data balancing cannot
completely eliminate gender disparities in model
outputs, and that different German architectures
respond differently to such corrective interventions,
which is highly relevant for the use of these mod-
els in the study of public discourse. Additionally,
the comparison between a natural and a balanced
training illustrates that fine-tuning is not a neutral
operation: depending on how we curate training
data, we can obtain models with different bias pro-
files, which is highly relevant for DH scenarios
where such models might be used as annotation
assistants.

Overall, this paper makes three contributions:
(1) a quote corpus on German Al media discourse
annotated with gender, social roles, and domains
(2) a diagnostic probe setup for gender prediction,
enabling interpretable analysis of model priors, and
(3) empirical evidence that transformer-based mod-
els can exhibit a male-default tendency that persists
under balancing, with implications for using LMs
as annotation tools in DH pipelines.

Limitations and future work

The study has several limitations. First, the analy-
sis is based on a one-month snapshot of texts from
a single dataset. As a result, the observed gen-
der distributions and model behaviours reflect this
specific period and text type. They should not be
interpreted as long-term trends in German media as
a whole. Future work will extend the time span and
include additional domains to examine temporal
variation and generalizability beyond Al discourse.

While we treat gender as the target variable, a
complementary line of work could investigate im-
plicit gender disparity, i.e., whether models treat
male and female speakers differently on other tasks
such as credibility assessment, stance detection
or topic classification. This would involve using
gender only as a group attribute and analysing dif-
ferences in model behaviour across gender groups.
Furthermore, reliance on binary gender labels may
limit the generalizability of our findings to non-
binary or gender-diverse speakers. Next, our ex-
traction heuristic is intentionally conservative (high
precision for speaker attribution) and does not aim
to capture all quotations. As estimating overall re-



call would require full manual annotation of quotes,
we leave it for future work.

Finally, since we trained and evaluated the
models on quotations without their local context
and speaker-related gender markers, future work
should examine model behaviour by including (de-
gendered) local context.
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A Appendix

A.1 Overall distribution of social roles

Social role Count  Percent of all quotes
company_executive 1459 50.00%
expert 439 15.04%
researcher 320 10.97%
politician 228 7.81%
artist 115 3.94%
user 88 3.02%
worker 70 2.40%
spokesperson 67 2.30%
journalist 50 1.71%
cleric 47 1.61%
activist 20 0.69%
celebrity 15 0.51%
Total 2918 100.00 %

A.2 Gender distribution by social role (row-wise percentages)

Table 8: Distribution of social roles in the annotated AI Quotation Corpus.

Social role N Femalen Malen Female % Male %
company_executive 1459 215 1244 14.74% 85.26%
expert 439 97 342 22.10% 77.90%
researcher 320 89 231 27.81% 72.19%
politician 228 56 172 24.56% 75.44%
artist 115 31 84 26.96% 73.04%
user 88 32 56 36.36% 63.64%
worker 70 27 43 38.57% 61.43%
spokesperson 67 30 37 44.78% 55.22%
journalist 50 32 18 64.00% 36.00%
cleric 47 0 47 0.00%  100.00%
activist 20 1 19 5.00% 95.00%
celebrity 15 4 11 26.67% 73.33%

Table 9: Gender distribution by social role in the annotated Al Quotation Corpus (row-wise percentages).

A.3 Gender distribution by social role (column-wise percentages)

Social role

Fem. % of all fem.

Male % of all males

company_executive

expert
researcher
politician
artist
journalist
user
worker
spokesperson
celebrity
activist
cleric

35.02%
15.80%
14.50%
9.12%
5.05%
521%
5.21%
4.40%
4.89%
0.65%
0.16%
0.00%

53.99%
14.84%
10.03%
7.47%
3.65%
0.78%
2.43%
1.87%
1.61%
0.48%
0.82%
2.04%

Table 10: Gender distribution by social role in the annotated Al Quotation Corpus (column-wise percentages).
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A.4 Opverall domain distribution

Domain Count Percent of all quotes
work 909 31.15%
everyday use 869 29.78%
IT 514 17.61%
finance 144 4.93%
culture 116 3.98%
data_privacy 112 3.84%
education 101 3.46%
health 86 2.95%
cybersecurity 34 1.17%
military 33 1.13%
Total 2918 100.00 %

Table 11: Distribution of domains in the annotated AI Quotation Corpus.

A.5 Gender distribution by domain (row-wise percentages)

Domain

N Femalen Malen

Female % Male %

work
everyday use
IT

finance
culture
data_privacy
education
health
cybersecurity
military

909 143 766
869 216 653
514 67 447
144 34 110
116 41 75
112 21 91
101 50 51
86 31 55
34 2 32
33 9 24

15.73%  84.27%
24.86%  75.14%
13.04%  86.96%
23.61%  76.39%
3534%  64.66%
18.75%  81.25%
49.50%  50.50%
36.05%  63.95%

5.88%  94.12%
2727%  72.73%

Table 12: Gender distribution by domain in the annotated Al Quotation Corpus (row-wise percentages).

A.6 Gender distribution by domain (column-wise percentages)

Domain Female % of all females Male % of all males
work 23.29% 33.25%
everyday use 35.18% 28.34%
1T 10.91% 19.40%
finance 5.54% 4.77%
culture 6.68% 3.26%
data_privacy 3.42% 3.95%
education 8.14% 2.21%
health 5.05% 2.39%
cybersecurity 0.33% 1.39%
military 1.47% 1.04%

Table 13: Distribution of domains within each gender (column-wise percentages). Percentages indicate the

distribution of each gender across domains.

A.7 Key hyperparameters and configurations for all models
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Model Variants LR Batchyin  Max seq
GBERT -N, -B 2x107° 16 128
LLiMmlein -N,-B  2x107* 4 128
TF-IDF+LogReg -B only - - 128*
Majority - - - -

Table 14: Key hyperparameters for all models. GBERT-N/B and LLiMmlein-N/B share the same optimisation
settings within each architecture and differ only in the training distribution (natural vs. downsampled balanced).

A.8 Misclassifications by social role and model
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LogReg GBERT-N GBERT-B LLd&Mmlein-N LL&Mmlein-B

Social role F—-M M—F F-M M-—=F F-M M—=F F-M M—-F F—-M M-=F
company_executive 11 15 30 0 22 7 25 1 16 16
expert 5 8 9 2 9 2 8 2 5 3
researcher 5 3 15 0 11 2 12 0 8 1
politician 6 4 10 1 6 2 11 1 7 5
journalist 3 0 5 0 3 0 4 0 2 0
spokesperson 2 0 3 0 2 0 3 0 2 0
user 2 1 5 0 2 0 3 0 1 1
artist 2 2 5 0 2 2 5 0 2 4
worker 1 0 1 0 0 0 1 0 0 0
activist 0 0 0 0 0 0 0 0 0 1

Table 15: Misclassifications by social role and model. F—M = female quotation predicted as male; M—F = male
quotation predicted as female. Empty cells indicate zero errors for that combination.

A.9 Misclassifications by domain and model

LogReg GBERT-N GBERT-B LLiMmlein-N LLiMmlein-B
Domain F—-M M—-F F-M M—-»F F-M M—-F F-M M—-F F—-M M—F
IT 3 6 8 0 7 2 5 0 4 4
finance 5 2 11 0 9 0 11 0 8 0
work 7 8 22 0 16 5 20 1 13 9
everyday use 15 17 27 4 12 9 22 4 7 14
education 0 1 2 0 2 1 2 0 1 2
culture 2 1 4 0 3 1 4 0 2 2
health 3 1 5 0 4 0 5 0 3 0
military 2 0 3 0 3 0 3 0 2 0
data_privacy 0 0 1 0 1 0 1 0 1 2

Table 16: Misclassifications by domain and model. F—M = female quotation predicted as male; M—F = male
quotation predicted as female. Empty cells indicate zero errors for that combination.
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