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Manual annotation usually represents the most time-consuming phase of corpus-based lin-
guisticstudies. Whilerecentresearch demonstrates promising performance of large language
models (LLMs) onsmall validation samples (Morin & Marttinen Larsson, 2025; Yuetal., 2024),
the transition from experimental validation to production-scale implementation remains largely
unexplored. This paper addresses two research questions: (1) How well do LLM performance
results from small validation samples predict performance on complete datasets? (2) What
are the practical implications of scaling LLM-assisted corpus annotation from experimental
applications to production workflows?

Using semantic disambiguation of Galicianpobo‘people/ village” as a test case, we willauto-
matically annotateacomplete 6,293-example corpus with the LLM Claude4 Opus (Anthropic,
2025). Our method prioritizes recall over precision in prompt engineering and model validation,
reflecting the reality that false negatives are more costly than false positives in filtering tasks.
Initial validation on300 examples achieved 97.3 % recall (F2=0.857) against human consensus.

To address the scalability question, in this paper we will conduct comprehensive human
annotation of the complete dataset, enabling full validation of LLM performance at corpus scale.
Thisapproachwillreveal whether small-sample metricsreliably predictfull-datasetbehavior,
identify systematic error patterns that may be invisible in smaller samples, and establish practical
frameworks for implementing LLM-assisted workflows while maintaining scientific rigor.

This research provides essential evidence for the transition from experimental LLM validation
to practical corpus annotation workflows, addressing fundamental questions about reliability and

scalability in Al-enhanced corpus linguistics.
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Thematic Content Indexing of Very Large Corpora with Language Models: Towards
Openness, Interoperability, and Reproducibility

Jennifer Ecker, Marc Kupietz, Roman Schneider, Ngoc Duyen Tanja Tu
IDS Mannheim

The Leibniz Institute for the German Language (IDS) maintains the world’s largest linguistically
curated collection of written German electronic corpora: the Deutsches Referenzkorpus (DeReKo).
This heterogeneous corpus spans a wide range of genres and sources and is already partially
annotated with thematic metadata. However, the current classification schema is outdated and
lacks interoperability with widely adopted international standards such as the Dewey Decimal
Classification (DDC) or the Universal Decimal Classification (UDC). One of the key challenges lies
in developing robust and high-quality mappings between such taxonomies, enabling flexible use
across diverse research and application contexts.

Manual annotation of training data for thematic corpus classification is labor-intensive and
resource-demanding. Traditionally, large labeled datasets are required to train supervised models.
Recent advances in artificial intelligence, particularly large language models (LLMs), open new
avenues for automating this process with comparatively little manual effort.

We introduce an innovative research project that explores the capabilities of state-of-the-art
language models for classifying DeReKo in accordance with internationally recognized
taxonomies. One central research question is: To what extent can such models be effectively
employed to classify large, thematically diverse corpora (> 100 million documents) based on
standardized and interoperable classification systems? In addition to traditional norm data systems
such as DDC and UDC, we aim at the integration of open, community-driven taxonomies, including
the category structures of Wikipedia and Wikidata. The latter offers the advantage of being
language-agnostic, thereby supporting broader thematic and multilingual openness.

Furthermore, we address practical requirements for reproducibility by examining whether restricted
data can be made available for training. Publishing training data for language models is crucial for
reproducible research, yet many corpora cannot be released in their original form due to copyright
constraints. To tackle this, we present a multi-label text classification approach using Derived Text
Formats (DTF), which enable the sharing of otherwise inaccessible data by systematically
removing or altering information to reduce the risk of reconstructing the original text. However, it
remains unclear how such controlled information loss affects downstream text classification
performance, so we empirically investigate the impact of systematic alterations to the training texts.



ChatGPT as a thematic role tagger in Spanish
M.L. Yislén Barboza Hidalgo
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The integration of Artificial Intelligence (Al) into linguistic research has raised urgent questions
about the role of human expertise in Natural Language Processing (NLP). Although Al-driven
models and annotated corpora have accelerated the development of intelligent question-answer
systems, many NLP tasks continue to bypass linguistic theory, especially in languages other than
English. Semantic role labeling in Spanish remains notably underrepresented, despite its relevance
for machine learning applications. This study addresses that gap by proposing a linguistically
grounded model for thematic role annotation in Spanish and using it to evaluate ChatGPT’s
performance in a structured annotation task. The model was developed through a three-level
descriptive analysis (syntactic, grammatical, and semantic) of the 200 most frequent verbs in the
COVID-19 Corpus. Corpus Linguistics provided the methodological foundation, while Lexical-
Functional Grammar (LFG) offered a robust theoretical framework. Crucially, the focus was not
on fine-tuning ChatGPT, but on testing its raw linguistic performance against trained human
annotators. The core objective was to measure the reliability of ChatGPT in a linguistically
demanding task, using Fleiss' kappa and precision as evaluation metrics. Results indicate that
ChatGPT performed moderately (k = 0.420, precision = 0.539), falling short of human consistency
(x = 0.600, precision = 0.700). Given these results, can Al replace and potentially outperform
traditional corpus-linguistic software such as AntConc or WordSmith? While Al models offer
flexibility and automation, they lack the analytical transparency and linguistic precision of
dedicated tools used by experts in language, making them best suited as complements. How
reliably can Al perform labor-intensive annotation tasks? This study shows that although Al can
assist greatly in such work, its performance still requires human oversight when high linguistic
accuracy is expected for academic research.
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Asking it directly: Large language models and corpus linguistics
responses to language use questions

Joao Pedro Padua

Abstract

Until recently, the only way to empirically assess patterns of naturally-occurring language use was
through query methods collectively referred to as corpus linguistics ("CL"). CL is an observational
tield that evolved through the refinement of methods for measuring different aspects of the frequency
of linguistic units in the data (Gries, 2010). Although it provided a systematic way to test hypotheses
aboutlanguage use, one limitation of CL was thatithad tolimititself mostly to "exposurerates" (Wallis,
2021, p.47), which are, by definition, proxy variables: the corpus answers the question "given the text
captured forassembling the corpus, isitcommonto find x?", not"given x, could it have been commonly
generated by the subjects whose text went into the corpus?".

Largelanguagemodels("LLMs")arealsotrained onlargecorpora, butthey transformthesetraining
data into billions of numerical parameters, stored in high-dimensional matrices that encode the data
as knowledge. After training, LLMs can be asked questions directly, and their answers will appear as
next-token predictions, conditioned on the knowledgeithad stored and the question asked of them.

Theresearch questionin this paperis whether LLMs can be used asacomplementto, orevenin
lieu of, corpus-assisted analysis, when the issue is how people will evaluate patterns of language use in
specific settings.

Totestthis, Thaveused three of the state-of-the-art LLMs toreplicate the analysis done by Gries
and Slocum (2017) of the interpretation of a USlegal statute thatis atissue in the case Smithv. LS.,
decided by the US Supreme Courtin 1993. The Court had to decide whether offering a machine gun as
a barter for cocaine fell within the ordinary meaning of the verb phrase USES A GUN, which, according
to the statute, constituted the basis for a sentence enhancement. A majority of the Court decided thatit
did. Using clever and complex queries to areference corpus, Gries and Slocum seemed to have shown
that the Court was empirically wrong. However, when I asked a synthetic sample of LLMs the same
question, all but one of them agreed with the Court’s majority.

Thepotentialreasonsandimplications of thisfinding for linguisticresearchand CLin particularare
discussed in the paper.

Keywords: corpus linguistics, artificial intelligence, large language models, statutory interpretation,
synthetic samples
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Stefan Gries

Towards prototypes/ordinary meaning in legal interpretation:
High-cue validity features from Al and synchronic corpus data

One of the most important notions in legal interpretation is that of ordinary meaning, the notion
that courts need to interpret terms that are used, but not defined, in constitutions, laws, contracts,
and other legal contexts according to "what those words would mean in the mouth of a normal
speaker of English, using them in the circumstances in which they were used" (Holmes
1899:417). To a linguist, this formulation (and others like it) probably triggers an association to
the notion of prototype meaning and indeed many legal scholars have approached ordinary
meaning with corpus methods reminiscent of how a cognitive or usage-based linguist might
approach the identification of prototypes based on corpus data.

While such work is generally promising, it has often been simplistic, at least from the
point of usage-based and corpus linguists: prototypicality and category membership — e.g., is an
airplane a vehicle? — was basically 'operationalized' on the basis of co-occurrence frequency in
concordance lines, which is problematic for at least two reasons: First, such work is based on
extensionalist semantics of co-occurrence rather than how prototype theory defines
prototypicality/category membership (on the basis of defining features with high cue validities,
1.e. features that are exhibited my most category members but hardly anything else. Second, such
work neglects the different reasons underlying co-occurrence: tires is not a collocate of vehicle
even though the prototypical vehicles has tires.

This paper exemplifies a combination of Al use and corpus data to approach
prototypicality and category membership. It uses Perplexity and DeepSeek to identify high-cue
validity defining features for categories and uses them to quantify degrees of category
membership based on distributional-semantics models trained on corpora (like COHA) in a way
that is nearly fully bottom-up and, important in legal contexts, nearly impossible to game in
favor of a preferred legal outcome/interpretation.



Theoretical and Practical Approaches to the Interface between Al and Corpus Linguistics
Tobias Bernaisch

Corpus linguistics displays deep-rooted connections with generative Al as a currently prominent form
of artificial intelligence. Just as linguistic corpora are large collections of authentic texts representative
of a particular type of language use (cf. Mukherjee 2002), text-based Al models rely on large collections
of texts as well. Still, the expectably increasing adoption of generative Al tools in business, educational
and creative settings affects the work of corpus linguists both on theoretical and practical levels. The
central research questions of this paper are, thus, a) whether — on a theoretical level — the integration
of Al texts into linguistic corpora is reconcilable with existing definitions of corpora and b) how helpful
— on a practical level — current Al tools can be in corpus-linguistic workflows.

Regarding corpus-linguistic theory, the implications of the emergence of generative Al are discussed
with regard to authenticity and representativeness. Whether corpus linguists consider Al texts
authentic, i. e. “language produced for the purpose of communication, not for linguistic

analysis” (Stefanowitsch 2020: 23), will influence the inclusion of Al texts in a linguistic corpus. This
decision will have implications for the representativeness, i. e. the degree to which a linguistic corpus
as a sample of texts mirrors the entirety of texts in a population, of corpora in the Al era. In this

light, arguments for and against the integration Al-generated texts in linguistic corpora are offered.
Practically, Al tools can support corpus-linguistic work, but how accurate and consistent are the
respective results? With a view to this question, a corpus-linguistic work routine for the dative
alternation (cf. e. g. Rothlisberger 2018) including data extraction, export, cleaning and annotation has
been implemented with ChatGPT and critically evaluated. The results of this Al-aided corpus-linguistic
work routine are promising, but also leave room for improvement.
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Human versus AI? — Harmonising human and artificial intelligence for
corpus linguistics

Andreas Weilinghoff

Ever since the successful implementation of transformer models with attention mechanisms
(Vaswani et al. 2017), numerous fields in Natural Language Processing (NLP) have seen
significant improvements. While much attention has been given to machine translation and
chatbot assistants (e.g. ChatGPT, Gemini, DeepSeek), speech recognition has also drastically
improved in recent years (Jurafsky and Martin 2025).

This plenary talk explores the processing of spoken data in corpus linguistics. It provides an
overview of how phonetic research and speech technology have evolved over the centuries —
from Edison’s phonograph to Amazon Alexa and beyond. Particular emphasis will be placed on
the latest cutting-edge developments brought about by recent Al-based tools. These tools offer
new possibilities for corpus linguistics, especially in the automatic processing and transcription
of spoken data.

A central part of the talk is a study comparing the speed and accuracy of human transcribers
with the latest end-to-end automatic speech recognition (ASR) models. I will discuss to what
extent Al can support or even replace human efforts in corpus preparation tasks and where its
current limitations lie. Drawing on a reference study of various English varieties, including the
ICE Nigeria (Wunder et al. 2008) and ICE Scotland (Schiitzler et al. 2017) corpora, 1 will
demonstrate how a hybrid approach — combining human expertise and artificial intelligence —
can yield the most efficient and accurate results for transcription and corpus compilation.
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Large Language Models and the Process of Corpus
Linguistic Research

Martin Klotz, Thomas Krause, Anke Liideling, Carolin Odebrecht, Malte Dreyer
(all Humboldt-Universitét zu Berlin)

Can Large Language Models (LLMs) efficiently support existing corpus build-
ing and analysis workflows and at what epistemological cost? What do we gain
and lose by relying (solely) on LLMs in our workflows?

LLMs have proven capable of solving many tasks by mere instruction rather
than additional fine-tuning (Brown et al., 2020). This questions the necessity
of specialized annotation tools and manual post-correction for doing corpus-
linguistic research. Even directly obtaining linguistic characterizations from
LLMs seems thinkable.

In our work we compare manual core linguistic annotations with such gen-
erated by an LLM (Jiang et al., 2024). In the same manner, we explore the
application of a novel register-related annotation scheme (Lehmann, to appear,
pp. 217—226) to test the LLM’s capabilities, as no annotations or documentation
were part of its training data. We conduct our study using the NoSta-D corpus
(Dipper et al., 2013), which provides manual annotations for spoken language,
learner language, historical data, literary prose, and a reference set of newspaper
data.

Manual annotation is a vital part of the research process and category build-
ing is considered its main deliverable as a reflection of a deeper scientific un-
derstanding (Shadrova et al., 2025). In our analyses, we therefore focus on
challenging phenomena covered by NoSta-D’s syntactic dependency scheme and
the register analysis. This way, we can examine whether LLM-based annotation
processes can yield equal or new fine-grained distinctions or insights, or at least
show promising performance.

We complement such layer-wise annotation with an LLM approach to ob-
tain linguistic characterizations directly from primary data, i. e. from scans of
the historical data (using Bai et al., 2025) and from recordings in the dialogue
subcorpus. In our contrastive analysis, we highlight the differences in detailed
explanations, transparency, and understanding of the linguistic problems and
question, whether prompting vs. annotation generates comparable linguistic in-
sights and epistemological value.

Finally, we incorporate in our assessment the cost of prompt engineering and
reproducibility as another core aspect of research quality.
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Towards a deep-learning-powered POS-tagger of beginner and intermediate EFL
interlanguage

Valentin Werner & Sabine Weber (University of Bamberg)

Part-of-speech (POS) tagging of spoken and written language is a fundamental
annotation/sequencing task in natural language processing (NLP), enhancing precision and
recall in specific subsequent corpus queries and facilitating automatic annotation. Traditional
POS taggers often rely on rule-based or statistical methods, which struggle with the non-
standard patterns and disfluencies found in learner interlanguage (Van Rooy & Schifer 2002).
While recent advancements in neural networks and deep learning have improved POS tagging
accuracy (Chiche & Yitagesu 2022), many models are trained on native speaker corpora (and
often on written material from more formal registers), neglecting idiosyncratic spellings,
omissions, and transfer-induced errors common in learner language (Meurers & Dickinson
2017; Tammekéind & Torn-Leesik 2023). In addition, while there have been some recent
attempts to adapt POS taggers to the specificities of interlanguage (e.g. Nagata et al. 2018),
they are commonly trained on interlanguage by advanced learners at higher proficiency levels
(typically university students). Thus, a significant gap in systems for beginner and
intermediate learners persists.

To address this lacuna, this interdisciplinary presentation reports on a linguistically informed
Al-based framework for POS tagging of beginner and intermediate EFL learner data. Key
research questions include: (1) How do state-of-the-art rule-based POS taggers handle EFL
interlanguage, and what are their limitations? (2) How do Al-driven POS taggers compare
against manually annotated gold standards and rule-based systems? (3) How can NLP models
be enhanced to capture specific error patterns, morphosyntactic variability, or the presence of
multiple languages in EFL learner language?

Using a mixed-methods approach, this project combines manual and automated annotation
techniques. A representative subset of the YGLE corpus that contains data from beginner and
intermediate EFL learners (YGLE 2025) will be manually annotated to create a reliable gold
standard dataset. This dataset will serve to train advanced deep learning algorithms,
particularly transformers like BERT, for context-aware tagging. Model performance will be
evaluated based on precision, recall, and F1-score metrics against the gold standard, revealing
insights into the differences between automated and expert annotations.
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Abstract: Margret Mundorf: ,Perspectivity in legal texts”“, Workshop “Corpus Linguistics in the Al Era”, Department of English and
Department of German at Justus Liebig University (JLU) GieRen, 07.—09. Mai 2025 | corpuslinguistsicsandai@uni-giessen.de

Perspectivity in Legal Texts. A comparative analysis of traditional corpus

linguistic software and LLMs

Abstract for Conference “Corpus linguiscs in the Al Era”, JLU Gieflen, May, 07 — 09 2026

Margret Mundorf, Heidelberg

In my proposal I will present a section of the ongoing PhD project in the field of legal linguistics
at Heidelberg University. It investigates how extra-linguistic facts are represented linguistically
in different types of legal texts. The description of facts is an essential preliminary to the legal
assessment. These descriptions are employed to transform extra-linguistic reality into legal
cases and decisions, which in turn exert an influence on reality. These linguistically produced
descriptions of facts (Felder/Vogel 2017) are subject to fundamental perspectivization
processes (Koller 2004). Perspectivization patterns and perspectivization strategies are used as
a heuristic concept to describe linguistic mediation strategies in law (Mundorf 2024). In
specialized domains that demand domain-specific expertise, such as law, the employment of
specialized models may be imperative. Small Language Models (SLMs) are particularly well-
suited for their low inference latency, effectiveness in terms of costs and development, and ease
of customization and adaptability (Wang et al. 2024).

Al is gaining traction in legal practice, within law firms and the judiciary. Research conducted
by Wegerhoff (2025) demonstrates that LLMs exhibit a reduced capacity to articulate linguistic
vagueness. Nevertheless, they do permit an evaluation of the quality of factual descriptions,
such as those provided by experts in family law proceedings. A small corpus of legal texts will
be selected to compare traditional corpus linguistic software (AntConc) with various
proprietary and open LLMs with regard to aspects of vagueness, evidentiality, and modality.
The proposed method integrates corpus linguistic approaches with a range of proprietary and
open-source models. These components are to be trained in a decentralized manner specifically
for legal applications, leveraging data-driven analyses augmented with expert knowledge from
court decisions and decision-making data from court files in family law. The objective is to

ensure the method’s usability for a test phase.
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Title: Exploring the Capability of Gemma4-E4B for Annotation of Proximization Strategies

Xiaoyun Huang, Mo Han

Abstract: This study explores the capability of small-scale large language models for automated
annotation in political discourse analysis. Using Gemma (Gemma4-E4B) as the base model and
Proximization Theory as the analytical framework, the study aims to annotate German
parliamentary debates on the Russia—Ukraine war in order to investigate how German
parliamentarians discursively construct Russia as a threat. The research was conducted in three
phases. First, 100 parliamentary texts were manually annotated as a gold standard corpus.
Second, three prompt versions were developed to guide the model in annotating an additional
100 texts, allowing for a comparison of different prompt engineering strategies. Third, 80 texts
were used for fine-tuning, while 20 texts were reserved for validation. The findings show that
iterative prompt optimization resulted in only marginal performance improvements. They
suggest that prompt engineering alone faces inherent limitations when applied to small-scale
models in complex discourse annotation tasks. Fine-tuning, by contrast, substantially improved
precision, producing more accurate and less noisy annotations, although it reduced recall by
making the model more conservative and less willing to annotate uncertain instances. In
general, the precision gains achieved through fine-tuning exceeded those obtained through
prompt iteration, indicating that task-specific adaptation provides greater practical value than
prompt optimization alone for proximization annotation. Future research will focus on
expanding the fine-tuning dataset, exploring larger models such as Gemma 27B and Llama 3-8B,
and incorporating active learning strategies to better balance precision and recall.

Keywords: Proximization Theory; Political Discourse Analysis; Large Language Model; Gemma;
Text Annotation; Fine-tuning



Automated Target Hypothesis Generation in German Learner Corpora Using
LLMs

Torsten Zesch (Fernuniversitat Hagen) & Katrin Wisniewski (Universitat Leipzig)

Understanding a second or foreign (L2) learner production involves a combination of interpretation
and (re)generation and therefore is subject to ambiguity and variation. It is thus good research
practice to explicate the understanding in form of a target hypothesis (Lliideling, 2008; Reznicek et al.,
2013), i.e., a normalized version of what the learner meant to say. As the term “hypothesis” suggests,
there is not necessarily a single L1-like reference version that presents itself as “correct”, but target
hypotheses are specific to the analysis to be performed.

While target hypotheses are very important for conducting corpus-based analyses of language
acquisition patterns, only a tiny fraction of learner corpora come with manually annotated target
hypotheses due to the high costs of creating them. LLMs have the potential to revolutionize learner
corpus research by largely automating the annotation process.

In our talk, we will critically reflect on the capabilities of LLMs in generating target hypotheses. We will
also present evidence from using automatically generated target hypotheses within the scope of the
DAKODA project (Federal Ministry of Research, Technology and Space, 10/2022-09/2022), where we
developed methods for automatically annotating developmental stages of verb placement as
articulated by Processability Theory (e.g., Pienemann, 1998; Lenzing et al., 2019). We will explain which
role LLM-generated target hypotheses played in the process.
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Large language models in Metadiscourse Identification
Man Zhang

Large language models (LLMs) exhibit remarkable capabilities in understanding
and generating natural human language. We believe that they, with exceptional
linguistic abilities, could assist in linguistic research. The present study focuses on the
LLM-powered metadiscourse research.

Metadiscourse is a contextual phenomenon (Mauranen 1993; Hyland 2005; Adel
2006; Zhang 2022). The identification of metadiscourse markers in texts need to be
done manually, which is time-consuming and labor-intensive. This limits the scope of
metadiscourse research. In order to improve the efficiency of metadiscourse research,
and thus investigate metadiscourse more comprehensively, we intend to automate
metadiscourse identification in texts with the help of LLMs.

Taking research article abstracts as an example, we built a corpus of English
abstracts and used ChatGPT and BERT to identify metadiscourse markers in the
corpus automatically. Main research questions are: (1) How can LLMs be
used in metadiscourse identification in abstracts? (2) How good are LLMs for the
automatic metadiscourse identification in abstracts? For the work with ChatGPT,
we mainly provided it with the following prompts: the definition and
identification criteria of metadiscourse and some examples of metadiscourse
markers. With the identification results, we adjusted the prompts. This process was
repeated for several rounds until ChatGPT could do a satisfactory job (F1 score more
than 0.80). For the BERT-powered automatic identification of metadiscourse, we fine-
tuned the model for the specific purpose of metadiscourse identification on a
manually-annotated corpus which is a subsection of the corpus. After repeated-
rounds of model fine-tuning, we got a model with good performance (F1 score more
than 0.80).

Both ChatGPT and fine-tuned BERT could automatically identify
metadiscourse markers in abstracts satisfactorily. ChatGPT is limited in handling
large corpora and analyzing complicated contexts. The fine-tuned BERT model
could overcome the limitations to a certain degree. Researchers, however,
need some programming knowledge and hyperparameter tuning techniques.
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Linguistic subtlety at scale: Al-assisted annotation of Mandarin grammar

Author: Ruiming Mal
Abstract

One of the central challenges in linguistic annotation involves integrating contextual clues to
disambiguate grammatical variants (Schneider et al. 2018). This is particularly salient in
Mandarin Chinese, where syntactic alternations often hinge on discourse constraints (LaPolla
1990). This study investigates the potential of large language models (LLMs) to support the
annotation of such variation, focusing, among other, on the interchangeability between the bd-
disposal construction and the canonical SVO word order (Fang & Liu 2021), see (1).

(1 i ekt i A 1E il Him
bd zuoliao yiqi huo zai i limian
BA seasoning.Q together mix.V  LOC fish inside

“Mix the seasonings with the fish.”
ANNOTATION B4 is not interchangeable with SVO word order.

REASONING  The location complement (LOC-fish-inside) must follow the verb (mix)
directly. In SVO, the object (seasoning) would block this.

We focus on (1) the ACCURACY of LLMs (at this stajge: OpenAl’s ChatGPT-40 vs.
DeepSeek- R1); (2) the CONSISTENCY of the generated annotations, especially with regard
to shifting contextual clues. Evaluation involves the comparison between generated annotation
output and human annotation through agreement rates and context-sensitive error patterns.

Data come from the large-scale HKUST Mandarin Telephone Speech Corpus (149 hours of
conversational telephone speech). With the current models at moment of writing, we find that
both models demonstrate promising results in automating labour-intensive annotation.
However, DeepSeck aligns closer with human annotations, particularly in distinguishing subtle
alternations. This performance gap highlights differences in model design and training that
impact linguistic interpretation. Tentatively, this is related to the handling of Mandarin data.
We are currently further investigating how to improve performance for replicability,
transparency, and linguistic validity, aiming to benefit research communities involved in such
annotation tasks.
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Sociolinguistic competence in an Al-generated corpus: A study of zhat complementizer

Emily Herman / Pablo Requena

Given Al agents’ fluency as well as the fact that they are trained using real language samples, it
is easy to assume human-like language ability. Yet, little is known about whether these agents
replicate sociolinguistic variation present in human language [1,2,3].

To test the sociolinguistic patterns of variation in Al-generated language, we expand on
Duncan (2024) by analyzing a novel corpus of sociolinguistic interviews generated using Al. In
English, complement clauses may variably occur with that or & [4], as in ‘I know that/D
teachers need supplies.” Crossdialectal sociolinguistic analysis has found this variation to be
conditioned by internal linguistic factors, including the subject in the matrix and complement
clauses, and the lexical verb in the matrix clause [5,6,7,8]. Our research question is: Do Al-
generated speakers condition variation in human-like ways with complementizer that/{J
production?

We asked ChatGPT-4 [9] to generate 32 Labovian-style interviews [10] for speakers in
Santa Barbara, California. Speakers were counterbalanced for gender (male & female),
socioeconomic status (working & middle class), and age group. All variable that/& contexts
were manually extracted and coded for the matrix verb and subject. We excluded the collocations
‘I think...” and “You know...” categorically associated with & [8]. The remaining 787 tokens
were analyzed using a g/mer model fitted with gender, SES, and matrix verb and subject as
independent variables [11,12,13].

Overall, there was a 27% rate of overt that production and the matrix verbs ‘know’,
‘make sure’, ‘remember’, ‘say’, ‘think’, and ‘other’ infrequent matrix verbs favor & (see Table
1). These results are partially consistent with patterns observed in naturalistic corpora [5,6,7,8].
Additionally, although such research did not find an effect of gender or socio-economic status
[5], ChatGPT-4 appears to impose these external conditioning factors on the sociolinguistic
variation; male participants favor overt that and working class participants favor J.
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Table 1. Output of the logistics regression model. Reference level: that, gender = female, SES =
middle class, matrix verb = believe.

Estimate Std. error p-value
Intercept 0.54232 0.65972 0.411048
Gender
male | 0.93240 0.32306 0.0039 **
SES
working class | -0.8653 0.3049 0.004543 **
Matrix subject
you | 0.35316 0.67976 0.603384
other | 0.80225 0.2551 0.001661 **
Matrix verb
think | -5.43649 1.1913 5.03e-06 ***
know | -2.86701 0.76268 0.000171 ***
tell | -1.43072 0.82061 0.081249 .
say | -3.53080 0.74931 2.45e-06 ***
remember | -4.87709 1.19613 4.55e-05 ***
be | -1.26365 0.67222 0.060133 .
make sure | -4.30659 0.98378 1.20e-05 ***
have | 0.06162 0.74186 0.933802
other | -1.77911 0.64882 0.006106 **
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Title of Presentation: Generative Al-Assisted Text Sentiment Analysis
Applications

Research Questions:

1. How can generative Al (specifically ERNIE 3.0 Base) be leveraged to create
semi-authentic corpora for enhancing sentiment analysis systems that
measure emotional development in K-12 education

2. To what extent can Al-generated semi-authentic
corpora (controlled via keyword-guided synthesis) compensate for the
scarcity of authentic educational texts and improve model predictive
accuracy and expert consensus?

3. Can semi-authentic corpora serve as a valid component of linguistic
corpora for pedagogical emotion research, and under what conditions?

The attached abstract (under 300 words, excluding references) briefly introduces
the study's rationale and key logic points; comprehensive research details will be
elaborated in subsequent communications.

| confirm that this abstract is original and has not been published elsewhere. | look
forward to the opportunity to present my findings at this timely forum.

Generative Al-Assisted Text Sentiment Analysis Applications

Generative Al offers significant speed and efficiency in building low-resource corpora.
As avaluable linguistic research tool, it produces controllable, semi-authentic texts — an
essential component of modern corpora.

Text sentiment analysis holds substantial potential in education, particularly for
assessing emotional development objectives within teaching goals. This study develops
an ERNIE 3.0 Base-based system to measure emotional development in K-12 students.
However, challenges arise from insufficient digital resources in schools, scarcity of
theme-specific texts, and the high cost of targeted data collection, resulting in
inadequate training data. Generative Al effectively addresses this gap. By inputting
sample texts, the Al generates large volumes of similar content. Controlled keyword
input guides the creation of theme-specific texts for data augmentation. Larger models
produce outputs with greater coherence, topic relevance, and standardization than some
authentic texts, offering reasonable data reliability.

Critically, models trained on this semi-authentic data demonstrate significantly
improved predictive performance and expert consistency compared to models trained

on limited authentic data alone.

Zhao Wenjie



A Domain-Specific LLM for Error Annotation in German Learner Writing:
Construction and Task-Based Evaluation

Yawen Zheng, Yuan Li

Abstract: Analyzing language errors in learner output provides insights into second
language acquisition and is a primary motivation for building learner corpora. Error
annotation encompasses identifying, categorizing, and correcting errors. However,
current practices rely heavily on manual effort, making them time-consuming, labor-
intensive, and prone to inconsistency. The emergence of large language models (LLMs)
offers new possibilities for automating large-scale error annotation in learner writing.

Based on the Chinesisches Deutschlernerkorpus (CDLK) and following a systematic
error annotation scheme, this study first manually annotated 3,400 learner texts. Using
this annotated dataset, a generic LLM was trained via supervised fine-tuning (SFT) to
develop Dr. Write, a domain-specific LLM for German writing feedback, with error
annotation as a core functionality.

To evaluate the performance of Dr. Write, this study focuses on the following research
questions: (1) How well does Dr. Write perform in error annotation? Are there
performance variations across error types and texts with different error densities? (2)
Compared to a generic LLM, how does the domain-specific LLM Dr. Write perform
on error annotation tasks, and in what respects do their performances differ?

To answer these questions, we first selected 200 learner texts covering diverse error
types and densities as test data. Next, the generic LLM ChatGPT-40 was chosen as a
comparison model. To ensure task alignment, ChatGPT-40 was guided using prompts
tailored to the same error annotation scheme. Finally, using manually annotated data as
the benchmark, we compared the performance of Dr. Write and ChatGPT-40 across
three dimensions: error identification, categorization, and correction, with particular
attention to how each model performs on texts with different characteristics.

The study aims to empirically validate the applicability of LLMs for error annotation
and explore the potential of supervised fine-tuning in improving the accuracy of error
annotation.

Keywords: error annotation; domain-specific LLM; generic LLM; supervised fine-
tuning (SFT)



How small can we go? Assessing the reliability of small open-weight LLMs for corpus
annotation

Muhammad Shakir and Ellen Le Foll

Large Language Models (LLMs) are increasingly used in annotation and tagging tasks in
corpus linguistics (e.g. Baker et al., 2025; Yu et al., 2024). Prior studies have generally
tested verylarge LLMs like Open Al's GPT-4 or comparable models by Google. While these
larger models may have superior capabilities, they raise serious environmental concerns,
are expensive to run and thus inaccessible to many researchers, and, in many cases,
cannot be used for personal data protection reasons and/or data leakage risks. Moreover,
these large cloud-hosted LLMs typically do not allow researchers to control crucial hyper
parameters like random seed, top_p, top_k, and temperature that can make LLM’s outputs
more predictable, and hence reproducible (Reiter, 2025).

In this paper we explore the use of smaller, locally-run open-weight models via ollama and
an RTX 4090 for corpus linguistic annotation. We compare the outcomes of annotation
tasks of varying grammatical and/or semantic complexity. In our first experiment, we
checked for explicit information about country of origin in newspaper comments to classify
each post as local or foreign. We compared the outputs of the following open-weight
models: Qwen3.14b.q8 0, Qwen3.30b.a3b.g4_K_ M, Deepseek.R1.14b.qwen.distill.g8_0,
Gemma3.12b.it.q8 0, Deepseek.R1.32b.qwen.distill.q4_K M, Gemma3.27b.it.q4 K M,
and Gemma3n.e4b.it.fp16. Our results show that the models annotate foreign
commenters with an accuracy ranging from 76% to 95%. However, Cohen’s Kappa for
inter-rater agreement with the human annotation remains under 80%. Thinking’ models
such as Qwen and Deepsek generally perform best, while the Gemma models have the
lowest kappa.

We are currently running additional experiments on different varieties of English,
including a grammar annotation task to identify the quotative be like and a semantic task
annotating various levels of animacy in subject and object positions with the aim of
reporting on the potential and limitations of small, locally-run open-weight LLMs for a
range of corpus annotation tasks.
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When no model fits — Al-based translation strategies for historical dialect corpora
Alfred Lameli

The paper addresses the research question of how current Al technologies — in
particular large language models (LLMs)—can be applied to the translation of historical
dialect texts. Historical dialect texts are of high linguistic relevance as they document
language stages that no longer exist today and provide insights into the regional, social,
and cultural contexts of past centuries. For their linguistic analysis, accurate translation
and annotation are indispensable. However, this task is complicated by, for example,
orthographic variation, lexical obsolescence, and the lack of digitally trained models for
the dialects in question.

Against this background, the paper describes an ongoing project which aims to create a
large, annotated corpus of 19" century dialects. At its core is a multi-stage translation
pipeline that integrates Al-based translation methods with philological expertise.
Translation into a standardized High German version serves as a bridge forautomated
processing steps and opens up new possibilities for annotation without erasing the
specific features of the originals.

The paper explores the opportunities and limitations of working with LLMs in the context
of extremely low-resource varieties. It discusses strategies for ensuring data quality and
reproducibility, ways of integrating Al-assisted methods into the compilation of
historical corpora, and perspectives for developing small, targeted language models for
dialect processing.

Beyond the methodological framework, the projectis presented as an interdisciplinary
initiative combining linguistics, computer science, and digital humanities, with the long-
term goal of making the resulting corpus freely available. This resource will not only
support detailed linguistic analyses but also serve as a foundation for dialectometric
and lexicographical work. The project thus contributes to the broader discussion on how
Al technologies can be used in corpus linguistics to meet the specific requirements of
historical dialect data — while maintaining the balance between automation and
philological precision.
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