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Preface

Neology, the process of creating and disseminating new words, has a long tradition in
lexicography, lexicology, corpus and computational linguistics, and sociolinguistics. Recently,
with the advent and rapid diffusion of Large Language Models (LLMs), the analysis of lexical
innovation has entered a new era. LLMs process linguistic data at an unprecedented scale,
modeling language in ways that mirror, extend, and sometimes distort human lexical creativity
(Qin et al., 2025; Hosseini-Kivanani, 2025). Undoubtedly, LLMs are powerful tools for detecting
new words (Tomaszewska et al., 2025) and tracking their life cycle (Cartier, 2017) across
domains, genres, and communities of use (lchien et al., 2024), thus complementing and
extending corpus-based approaches to neology. Moreover, LLMs not only absorb neologisms
from their training data but also have the capacity to generate novel lexical items, metaphors, or
hybrid forms in response to prompts (lwamoto and Kanayama, 2024). This raises important
questions about authority, legitimacy, and the mechanisms of linguistic innovation. From
a sociolinguistic perspective, the interaction between LLMs and neology highlights both
opportunities and risks. On one hand, LLMs could assist communities in documenting and
systematizing emergent lexical forms, thus supporting language revitalization. On the other
hand, their biases and uneven coverage may privilege neologisms in high-resource languages
while under-representing or distorting innovation in smaller linguistic communities. Ultimately,
this dynamic positions LLMs not just as tools for text processing but as active participants in
shaping the future trajectories of language use and innovation. These developments open
new perspectives for tracking linguistic creativity, modeling semantic shifts, and supporting
lexicographic and terminological research.

The NeolLLM2026 workshop explores the intersection of LLMs and neology, focusing on—but
not limited to—how cutting-edge computational methodologies leveraging LLMs can identify,
generate, analyze, and evaluate new words and semantic shifts across languages and language
varieties.

The invited speaker, Maciej Ogrodniczuk, from the Institute of Computer Science of the Polish
Academy of Sciences, in his talk From "Neologism of the Week" to "Neologism of the Year",
addresses how Large Language Models (LLMs) can facilitate the study of lexical innovation
by shifting the focus of neology towards continuous, data-driven observation and how LLMs
can influence the detection, interpretation, and legitimisation of new words in contemporary
discourse. At the empirical core of the study lies NeoN: an LLM-enhanced system that
automatically detects, monitors, and analyzes neologisms in Polish, with a particular focus
on its 'neologism of the week’ module. Combining frequency dynamics, contextual evidence,
and automated definition and categorization, the system documents which new words appear
in discourse and how they gain or lose relevance over time. Situating NeoN within a wider
cross-disciplinary framework, the talk reflects on how LLM-based approaches can complement
traditional lexicography and support linguistic documentation, offering new methodological
pathways for studying linguistic change. The talk will also explore whether the 'neologism of the
year’ is merely a linguistic artifact or a socio-technical construct, exposing the evolving interplay
between human creativity, media dynamics and artificial intelligence.
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From 124 Million Tokens to 1,021 Neologisms:
A Large-Scale Pipeline for Automatic Neologism Detection

Diego Rossini, Lonneke van der Plas
Universita della Svizzera italiana (USI)
Lugano, Switzerland
{diego.rossini, lonneke.vanderplas}@usi.ch

Abstract

We present a scalable, modular pipeline for automatic neologism detection that combines rule-based filtering with
LLM classification. The pipeline is grounded in two complementary word-formation frameworks, grammatical and
extra-grammatical morphology, which jointly define the scope of what counts as a neologism and inform a four-class
classification scheme (NEOLOGISM, ENTITY, FOREIGN, NONE). While designed to be modular and transferable at the
architectural level, the pipeline is instantiated on 527 million English-language Reddit posts spanning 2005-2024.
From this corpus, we extract 124.6 million unique tokens and reduce them by over 99.99% to yield 1,021 neologism
candidates, a set small enough for manual expert verification. Multiple LLMs independently classify each candidate
via majority vote, with a final verification step, revealing substantial cross-model disagreement and highlighting the
challenge of operationalizing neologism detection at scale. Manual annotation of all 1,021 candidates confirms that
599 (58.7%) are genuine lexical innovations. The pipeline code, vocabulary compilation scripts, and the annotated
candidate list are available at https://github.com/DiegoRossini/neologism-pipeline.

Keywords: neologism detection, lexical innovation, Reddit, large language models, rule-based filtering,
computational neology

1. Introduction over 99.99% to yield 1,021 neologism candidates.
Classifying each of the 124.6 million unique tokens
Although the study of neologisms has deep roots individually with an LLM would be computationally
in linguistics (Guilbert, 1975; Rey, 1976), their au-  infeasible, which motivates a multi-stage filtering
tomatic detection is a comparatively recent task.  approach that progressively narrows the set before
Computational approaches only became feasible  classification.
once large machine-readable corpora were avail- In this paper, we present a pipeline for large-
able in the 1990s (Renouf, 1993; Cabré andde Yza-  scale neologism detection that combines determin-
guirre, 1995). Since then, a number of web-based  jstic rule-based filtering with LLM-based classifica-
platforms have been developed for neologism iden-  tion. The rule-based stages progressively reduce
tification (Kerremans et al., 2012; Cartier, 2017;  the candidate set; the LLM stage then classifies
Klosa-Kiickelhaus and Liingen, 2018). These sys-  syrviving candidates into four categories: ENTITY,
tems typically depend on static exclusion dictionar- NEOLOGISM, FOREIGN, Of NONE. Multiple LLMs inde-
ies and language-specific resources, and require  pendently classify each candidate, and only those
manual expert verification of their output (Brasolin  receiving a majority vote are retained. A final verifi-
et al., 2023; Cartier, 2017; Tomaszewska et al.,  cation step can then confirm or discard the output of
2025). The key challenge for any detection pipeline  the preceding models. Our contributions are: (1) a
is therefore to reduce the candidate set to a size scalable, modular pipe"ne for neo|ogism detec-
where such verification is feasible. tion from social media corpora, grounded in word-
More recently, social media data has attracted in-  formation theory (§3), whose output illustrates a
creasing attention as a source for studying lexical in-  range of grammatical and extra-grammatical word-
novation, given the volume, diversity, and informal-  formation processes (§7.1); (2) a comparative eval-
ity of user-generated content (Grieve et al., 2018;  uation of multiple LLMs on a four-class neologism
Wirschinger, 2021). However, the same charac-  classification task; and (3) a detailed manual analy-
teristics that make these platforms attractive also  sis of all 1,021 pipeline output candidates, including
pose a challenge for neologism detection: inalarge  gold annotation, error analysis by category (§7.2),
corpus, the vast majority of tokens absent from  and classification of detected neologisms along
standard dictionaries are not neologisms but ty-  word-formation processes (§7.1)."
pos, misspellings, concatenated strings, code frag-
ments, or foreign-language material. In the dataset

used in this study, 527 million English-language 'The pipeline code, vocabulary compilation
Reddit posts spanning 2005-2024 (Baumgartner  scripts, and the annotated candidate list are avail-
et al., 2020; Watchful1, 2025), we extract 124.6 mil-  able at https://github.com/DiegoRossini/

lion unique tokens, which the pipeline reduces by neologism-pipeline.
1
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2. Related Work

The dominant paradigm for automatic neologism
detection remains the exclusion dictionary method:
a token is flagged as a candidate neologism if it
does not appear in one or more reference lexicons
(Renouf, 1993; Cabré and de Yzaguirre, 1995).
This principle underpins the major detection plat-
forms developed over the past two decades, in-
cluding the NeoCrawler (Kerremans et al., 2012,
2018), which monitored English-language web-
sites for previously unattested forms, Néoveille
(Cartier, 2017), which adopted a similar architec-
ture for multiple languages, and the IDS Neol-
ogismenwdérterbuch (Klosa-Kickelhaus and Lin-
gen, 2018), a continuously updated German neolo-
gism dictionary backed by corpus monitoring. The
NeoCrawler was formally decommissioned in 2020
(Q. Wirschinger, personal communication, 2025),
illustrating the fragility of long-term tool availability.
All three systems depend on language-specific re-
sources that limit portability across languages and
corpora. Our pipeline adopts the same foundational
exclusion principle but separates language-specific
resources from the architectural design: the se-
quence of filtering stages is pre-determined, while
the resources they operate on (reference vocab-
ularies, phonotactic rules, frequency dictionaries)
should be substituted or adapted for each target
language.

Beyond pure exclusion lookup, Falk et al. (2014)
trained an SVM on French newspaper candidates
using form-related, morpho-lexical, and thematic
features, demonstrating the value of semantic con-
text for neologism classification. Our pipeline fol-
lows a similar two-stage logic, but delegates the
classification step to prompted LLMs rather than to
feature-based classifiers.

As corpora drawn from social media have grown
in size, so has the difficulty of the candidate ex-
traction step itself. Grieve et al. (2018) identi-
fied 54 emerging words from 8.9 billion tokens of
geolocated American Twitter data by tracking fre-
quency increases over time and filtering manually.
Mahler (2020) applied a comparable frequency-
based methodology to Reddit, and Wurschinger
(2021) demonstrated how network metrics capture
properties of lexical innovation that frequency mea-
sures alone cannot reveal. Brasolin et al. (2023)
and Spina et al. (2024) extracted candidates from
millions of geolocated ltalian tweets through ex-
clusion filtering and manual distillation, identifying
hundreds of unattested word forms. A recurring
challenge across these studies is that the vast ma-
jority of tokens absent from standard dictionaries
are not neologisms but typos, misspellings, code
fragments, or foreign-language material.

The most directly comparable recent system is

NeoN (Tomaszewska et al., 2025), a multi-layered
pipeline for Polish that combines frequency analy-
sis, structural constraints, reference corpus check-
ing, and spelling error detection with an LLM-based
final filter, demonstrating that LLMs can serve as
effective precision boosters after rule-based pre-
filtering. Our work differs from NeoN in several
respects: we ground the pipeline in two comple-
mentary word-formation frameworks (§3) that de-
fine the scope of each category; we adopt a four-
class taxonomy rather than a binary filter; we use
a multi-model majority-vote scheme with indepen-
dent verification rather than a single LLM; and we
provide a detailed manual analysis of all pipeline
output, including error categorisation and classifi-
cation by word-formation process.

3. Theoretical Foundations

Any neologism detection pipeline presupposes an
operational definition of what counts as a neolo-
gism. This section presents the two word-formation
frameworks that jointly inform the design of our clas-
sification scheme and, in particular, determine the
scope of the NEOLOGISM label assigned by the LLM
stage (§4).

3.1. Grammatical Word Formation

Stekauer's onomasiological theory (Stekauer,
1998; Stekauer, 2001; Stekauer, 2005) models
word formation as a top-down, need-driven pro-
cess: a speaker identifies a concept lacking a con-
ventional expression and coins a new haming unit
by selecting an onomasiological type — a struc-
tural pattern that maps conceptual content onto
morphological form. The process is grammatical in
the sense that, given a naming need, the resulting
formation is constrained by the productive onoma-
siological types available in the language.

A central consequence of this framework con-
cerns nonce-formations. Against the view that
these are deviant, context-dependent, and in-
herently non-lexicalisable coinages (cf. Hohen-
haus, 1998), Stekauer (2002) argues that nonce-
formations are regular products of the Word-
Formation Component, generated by the same pro-
ductive rules as any other naming unit. What distin-
guishes them is not structural deviance but lifecycle
stage: a nonce-formation is a neologism at the ear-
liest point between coinage and dissemination, and
whether it subsequently becomes institutionalised
or falls out of use is an empirical matter that cannot
be predicted at the time of coining. The notion of
“nonce-formation” as a structurally distinct category
thus collapses into a temporal label.

For the pipeline, this entails that tokens attested
infrequently in the corpus cannot be excluded as



non-neologisms on formal grounds alone, since
nonce-formations are structurally indistinguishable
from formations that will eventually become estab-
lished. The frequency threshold (§4.5) is accord-
ingly designed to filter noise rather than to impose
a lexicalisation requirement. However, Stekauer’s
model is explicitly limited to rule-governed forma-
tion: processes such as blending, clipping, and
acronymy, whose output cannot be derived from
productive onomasiological types, fall outside the
Word-Formation Component and are relegated to
the Lexicon (Stekauer, 2001). The following frame-
work addresses precisely this gap.

3.2. Extra-Grammatical Word Formation

Mattiello (2013) addresses those processes that fall
outside the scope of grammatical morphology: clip-
pings, blends, acronyms, abbreviations, and other
formations whose input does not allow prediction
of a regular output through any rule-based model
of word formation. Within the framework of Natu-
ral Morphology (Dressler, 2000), these are classi-
fied as extra-grammatical, distinct from both core
grammatical morphology (rule-governed, produc-
tive) and marginal morphology (partially regular).
Although traditionally marginalised for their irregu-
larity and unpredictability, Mattiello (2013) demon-
strates that extra-grammatical processes are pro-
ductive in their own right, particularly in informal
registers, and that they comply with criteria of well-
formedness and contextual suitability. The driving
mechanism is analogy rather than rule application
(Mattiello, 2013, 2017; Arndt-Lappe, 2015): new
formations arise by modelling on existing words,
either individually (surface analogy) or through re-
current patterns (analogy via schema). Mattiello
(2017), following Booij (2010) and Plag (1999), ex-
tends this mechanism to playful coinages such as
doggo (« dog), previously excluded as expressive
morphology, i.e. playful or affective modifications
of existing words (Zwicky and Pullum, 1987). More-
over, the boundary between extra-grammatical and
grammatical morphology is not fixed, as formations
that originate as creative coinages can over time
become regular and productive (Kértvélyessy et al.,
2022, 2021).

For the pipeline, this entails that the NeoLo-
GIsM class must be broad enough to encompass
both grammatical and extra-grammatical forma-
tions. Taken together, the two frameworks define
the theoretical scope of the positive labels used
in this study: the four-class classification scheme
presented in §4 operationalises this joint definition,
with the NEOLOGISM and ENTITY classes capturing
genuine lexical innovations and FOREIGN and NONE
isolating non-neologistic material that rule-based
filtering alone cannot eliminate.

4. Methodology

The pipeline is designed to be modular: the se-
quence of filtering stages is pre-determined, but
the resources each stage operates on (reference
vocabularies, phonotactic rules, frequency dictio-
naries) are language-specific and must be substi-
tuted for each target language. The instantiation
described below targets English.

4.1. Tokenization

Raw texts are tokenized using a spaCy language
model, with named entity recognition, dependency
parsing, and lemmatization disabled for efficiency.
The choice of model depends on the target lan-
guage. A corpus-specific preprocessing step re-
moves or replaces non-lexical content before to-
kenization: for social media corpora, this may
include URLs, platform-specific references, user
mentions, hashtags, emojis, and non-ASCI| charac-
ters; for other corpus types, different noise patterns
(e.g., markup tags, metadata fields) may require
analogous treatment. Punctuation, stopwords, and
whitespace tokens are discarded, and all remaining
tokens are lowercased.

4.2. Vocabulary Filtering

Tokens present in a reference vocabulary compiled
exclusively from sources predating a chosen cutoff
date are filtered out on the assumption that they
represent established lexical items rather than neol-
ogisms. The cutoff defines an observation window
over which the lifecycle of detected neologisms can
be tracked. The pipeline accepts one or more refer-
ence vocabularies; when multiple sources are avail-
able, combining them reduces the risk of false posi-
tives caused by gaps in any individual lexicon. The
composition can be tailored to the target language
and corpus: for social media data, it may include
platform-specific vocabulary, crowdsourced slang
dictionaries, and encyclopaedic entries alongside
standard lexicons, while for more formal corpora,
curated dictionaries and domain-specific terminolo-
gies may suffice. Any token found in the reference
vocabulary is excluded from further processing.

4.3. Pattern-based Cleaning

Tokens surviving the vocabulary filter are subjected
to pattern-based rules designed to remove noise
that no dictionary would capture. These rules
fall into two categories. The first is language-
independent: tokens must be purely alphabetic and
fall within a configurable length range, while those
exhibiting excessive character repetition, low char-
acter entropy, or repeated character sequences are



discarded as likely keyboard spam or encoding arte-
facts. The second category is language-specific
and must be adapted to the target language: this
includes phonotactic constraints (e.g., implausible
consonant or vowel clusters), expressive spelling
variants (e.g., elongated interjections, laughter pat-
terns), and corpus-specific noise patterns (e.g.,
placeholder or template text).

4.4. Typo and Concatenation Detection

Corpora, particularly those drawn from social me-
dia, frequently contain misspellings and tokens
formed by words concatenated without spaces. Nei-
ther constitute lexical innovations, yet both survive
vocabulary filtering because they do not match
any reference entry. The pipeline applies Sym-
Spell (Garbe, 2012), a symmetric delete spelling
correction algorithm with support for multiple lan-
guages, to detect both cases against a reference
frequency dictionary. A token is flagged as a typo
if it falls within a configurable edit distance of a
high-frequency entry in the dictionary, and as a
concatenation if it can be segmented into two or
more parts each appearing in the same dictionary.
Minimum character length thresholds prevent spu-
rious matches on short tokens, and a conservative
maximum edit distance ensures that only tokens
closely resembling high-frequency dictionary en-
tries are flagged, so that morphologically complex
forms such as compounds or blends are unlikely to
be flagged; those that are can be recovered by the
frequency-based reintegration mechanism (§4.5).

4.5. Frequency Threshold and
Reintegration

Tokens previously excluded as typos or concatena-
tions (§4.4) are reconsidered if they meet a config-
urable frequency threshold. If a token resembles
a misspelling or a segmentable string yet recurs
frequently in the corpus, it is unlikely to be an er-
ror, and its reintegration prevents genuine coinages
from being prematurely discarded.

Candidates occurring fewer than the frequency
threshold are excluded. While this introduces a
tension with the theoretical position outlined in
§3.1, where nonce-formations are treated as legiti-
mate neologisms regardless of their frequency, the
constraint is computational rather than theoretical:
when too many candidates survive the rule-based
filters, manual or LLM-based verification becomes
infeasible. The threshold can be adjusted or omit-
ted entirely depending on corpus size and available
resources. In practice, nonce-formations attested
below the threshold are lost; however, the thresh-
old is not designed to impose a lexicalisation re-
quirement but to separate deliberate, repeated use

from accidental variation, since typos and random
strings rarely recur at scale.

4.6. Foreign Language Detection

Depending on the target language, the corpus may
contain substantial material from other languages
that survives vocabulary filtering. The pipeline ap-
plies the Lingua language detector (Stahl, 2022)
to flag and filter tokens identified as belonging to
a language other than the target. A configurable
confidence threshold controls how aggressively to-
kens are filtered. Tokens whose confidence score
falls below the threshold, for instance due to mixed
Tagalog—English morphology or orthographic over-
lap with the target language, are retained and del-
egated to the LLM classification stage, which in-
cludes a dedicated FOREIGN category. The stage
does not distinguish foreign-language noise from
loanwords entering the target language; this limita-
tion is discussed in the Limitations section.

4.7. LLM Classification

Candidates surviving the filtering stages are classi-
fied into four categories using large language mod-
els. The taxonomy reflects the theoretical scope
established in §3: NEOLOGISM (new words, slang,
or words derived from proper nouns, encompass-
ing both grammatical and extra-grammatical for-
mations); ENTITY (proper nouns such as people,
companies, brands, products, or places); FOREIGN
(words from other languages that escaped the lan-
guage detection stage, §4.6); and NONE (residual
noise including usernames, typos, programming
terms, and unclear cases).

Both NEOLOGISM and ENTITY constitute lexical
innovations: in Stekauer’s onomasiological frame-
work, word-formation is a naming response to newly
salient extra-linguistic referents, and proper nouns
denoting emerging social or cultural entities qual-
ify as newly established naming units. The two
classes are kept separate for analytical purposes,
facilitating comparison with standard NER cate-
gories in downstream applications. Classification
is performed in two stages. First, multiple LLMs in-
dependently classify each candidate token. Labels
are aggregated via majority vote: a token receives
a label only if the majority of models agree; other-
wise it is marked UNKNOWN. Second, an additional
model verifies each label and produces the final
output. The choice and number of models is config-
urable; using multiple architectures trained on dif-
ferent data reduces idiosyncratic misclassifications,
while the independent verification step provides an
additional quality control layer at minimal additional
cost.



5. [Experimental Setup

This section describes the instantiation of the
pipeline for English-language neologism detection
on Reddit data. All language-specific resources,
parameters, and model choices reported below can
be substituted for other languages or corpora.

5.1.

The corpus consists of Reddit submissions and
comments spanning January 2005 to December
2024, drawn from the Pushshift archive (Baumgart-
ner et al., 2020; Watchful1, 2025). After excluding
deleted posts, removed content, and non-textual
submissions, the dataset comprises approximately
527 million posts. Although the corpus is predomi-
nantly English, it contains multilingual content, most
notably Taglish (Tagalog—English code-switching)
in Filipino-oriented subreddits, as well as posts in
Portuguese, Spanish, French, German, and other
languages.

Corpus

5.2. Tokenization

We use spaCy’s en_core_web_1g model with
named entity recognition, dependency parsing, and
lemmatization disabled for efficiency. URLs, sub-
reddit references (r/\w+), user mentions (u/\w+),
and hashtags are replaced with placeholder tokens;
emojis and non-ASCIl characters are removed.
Punctuation, stopwords, and whitespace tokens
are discarded, and all remaining tokens are lower-
cased. The tokenization stage yields 124.6 million
unique token types.

5.3. Reference Vocabularies

The reference vocabulary is compiled exclusively
from pre-2015 sources, establishing a ten-year ob-
servation window (2015-2024) over which newly
emerged tokens can be identified. The combined
vocabulary comprises 16.3 million unique surface
forms drawn from six sources (Table 1). Us-
ing multiple independently compiled resources re-
duces the risk of false positives caused by gaps
in any individual lexicon: Reddit and Urban Dic-
tionary (Urban Dictionary, 2025) cover informal
register, Wikipedia titles (Wikimedia Foundation,
2015a) capture named entities and technical termi-
nology, while WordNet (Princeton University, 2011),
Wiktionary (Wikimedia Foundation, 2015b), and
NoSlang (5.5K tokens, obtained with permission
from the site owner) provide baseline lexical cover-
age.

5.4. Filtering Parameters

Pattern cleaning. Tokens must be purely alpha-
betic and between 3 and 20 characters in length.

The English-specific rules filter tokens starting with
double vowels (aa, ee, ii, oo, uu), implausible
consonant clusters, expressive variants (hahaha,
yeaah, ughh), repeated character sequences, and
Lorem Ipsum placeholder words. Tokens exceed-
ing six characters with two or fewer unique charac-
ters are discarded as keyboard spam. The full rule
set is available in the project repository.

Typo and concatenation detection. SymSpell
(Garbe, 2012) is configured with a maximum edit
distance of 2 and a frequency dictionary compiled
from Reddit pre-2015 token frequencies and Word-
Net. A token is flagged as a typo if its closest
match in the dictionary has edit distance 1-2 and
frequency above 100; minimum token length for
typo checking is 5 characters. Concatenation de-
tection applies word segmentation on tokens of at
least 6 characters, flagging those that segment into
two or more parts all present in the frequency dic-
tionary. Genuine compounds flagged at this stage
can be recovered by the reintegration mechanism
described below.

Frequency threshold. The minimum occurrence
threshold is set to 100 (§4.5). Tokens previously
flagged as typos or concatenations are reintegrated
if they meet this threshold.

Foreign language detection. The Lingua lan-
guage detector (Stahl, 2022) is applied with a con-
fidence threshold of 0.75 across 47 languages, re-
moving 33,959 tokens (16.3% of the 208,932 can-
didates at that stage).

All thresholds reported above were set based on
preliminary experimentation; a discussion of their
limitations is provided in the Limitations section.

5.5. LLM Classification

The three open-source models—Qwen 2.5 72B,
LLaMA 3.3 70B, and Mistral Large 2 123B—
independently classify each candidate; labels are
aggregated via majority vote (§4.7). Claude 4.5
Haiku serves as an independent verification source
and does not participate in the vote.

All open-source models use few-shot prompt-
ing with eight labelled examples spanning the four
classes and up to three contextual sentences per
candidate, drawn from diverse subreddits. Claude
4.5 Haiku classifies tokens with the same contex-
tual examples as the other models. The full prompt
templates are provided in Appendix A.

5.6. Computational Setup

All experiments were run on a single multi-GPU
server with 500 GB RAM and 4 GPUs (120 GB



Reference Vocabularies (all pre-2015) Stage Remaining

Source Tokens Coverage Tokenization 124,593,754

Reddit pre-2015 10.5M Informal, platform jargon \P/oi:tabulalry lO.OKUP 1;2322%;
Wikipedia titles 4.4M  Entities, technical terms attern cea.mng . ’ ’

. Concatenation detection 10,793,055

Urban Dictionary 1.5M Slang Tvpo detecti 7 065.796

Wiktionary 554K  Morphological variants pro tﬁ ecr:olr:j int i ,208’932

WordNet 3.1 147K  Core vocabulary Freq: rles old+ rglr: e%ra on 174’973
NoSlang 5.5K  Chat abbreviations oreign language detection ’

Majority vote (NEOLOGISM) 10,499

Total 16.3M Haiku verification 1,021

Table 1: Reference vocabularies and primary cov-
erage.

each). The open-source models were sharded
across all four GPUs in bfloat16 precision. Claude
4.5 Haiku was accessed via the Anthropic Batch
API.

On the described hardware, the ideal critical path
is approximately 50—65 hours (~2-3 days): tok-
enization of 527 million posts accounts for 18—-24
hours, vocabulary filtering and context retrieval for
~9 hours, and sequential LLM inference over three
models for 22—30 hours (40-50% of total compute).
Running the three models in parallel on separate
nodes would reduce the total to ~38—49 hours.

6. Results

6.1.

Table 2 reports the number of candidate tokens
surviving each pipeline stage. The rule-based
stages reduce the initial 124.6 million unique to-
kens by 99.86%, yielding 174,973 candidates for
LLM classification. The most aggressive single
stage is pattern cleaning, which removes 90 million
tokens (72.2% of the input at that point), followed
by concatenation detection (13.2 million concate-
nated tokens) and vocabulary lookup (10.7 million
known words). The frequency threshold eliminates
a further 6.9 million low-frequency tokens. Of the
tokens previously excluded as typos or concatena-
tions, 118,544 meet the frequency threshold and
are reintegrated into the candidate pool (§4.5).

Filtering Cascade

6.2. LLM Classification and Inter-Model
Agreement

The three open-source models independently clas-
sified all 174,973 tokens. Table 3 reports their la-
bel distributions, revealing substantial cross-model
disagreement. LLaMA is the most aggressive NE-
oLoGIsM predictor (12.2%, nearly double the other
two models), while Mistral is the most conserva-
tive overall, assigning NONE to 59.9% of tokens.
Qwen detects the most foreign-language material
(22.2%).

Table 2: Filtering cascade: candidates remaining
after each stage.

Unanimous agreement across all three models is
reached for only 45.8% of tokens (80,220); 48.4%
are decided by a 2-out-of-3 majority, and 5.8%
(10,134) result in three-way ties, conservatively re-
solved to NONE. These complementary biases vali-
date the ensemble design: no single model would
achieve the same coverage.

The majority vote produces 10,499 NEOLOGISM
candidates (6.0%), 47,276 ENTITY (27.0%), 33,159
FOREIGN (19.0%), and 84,039 NONE (48.0%).

6.3. Haiku Verification

Claude 4.5 Haiku independently classified the
same tokens with the same contextual examples.
Applied as a verification filter to the 10,499 majority-
vote NEOLOGISM candidates, Haiku confirmed 897
as NEOLOGISM (8.5%), relabeled 124 as ENTITY
(1.2%), and rejected 9,478 to NONE (90.3%). This
high rejection rate is driven primarily by model con-
servatism rather than prompt design or category
confusion. Haiku receives the same multi-context
prompts as the open-source models, yet assigns
ENTITY to only 124 of 174,973 tokens (0.07%), com-
pared to 47,276 from the majority vote, effectively
defaulting all uncertain cases to NONE as instructed
by the prompt. Across all tokens, it assigns NONE
to 89.4%. This pattern places Haiku at the ex-
treme end of a conservatism spectrum already vis-
ible among the open-source models, where Mis-
tral (59.9% NONE) is markedly more conservative
than Qwen (37.9%) and LLaMA (37.7%). Table 3
reports the full label distribution across all four mod-
els and the majority vote. The most striking pattern
is Haiku’s near-total rejection of the ENTITY class: of
47,276 majority-vote entities, none are confirmed
and 97.3% are relabeled NONE. The verification
stage thus acts as a strict precision filter, reducing
the candidate set from 10,499 to 1,021.

6.4. Gold Standard Evaluation

The first author manually annotated all 1,021
pipeline output candidates using the same four-



Label Qwen 72B Mistral 123B LLaMA 70B Maj. vote Haiku
NEOLOGISM 13,661 (7.8%) 11,493 (6.6%) 21,353 (12.2%) 10,499 (6.0%) 897 (0.5%)
ENTITY 56,144 (32.1%) 32,311 (18.5%) 55,088 (31.5%) 47,276 (27.0%) 124 (0.1%)
FOREIGN 38,851 (22.2%) 26,441 (15.1%) 32,625 (18.6%) 33,159 (19.0%) 17,506 (10.0%)
NONE 66,317 (37.9%) 104,728 (59.9%) 65,907 (37.7%) 84,039 (48.0%) 156,446 (89.4%)

Table 3: Label distribution per model and majority vote across all 174,973 tokens (count and % of total).
LLaMA’s NONE count includes 954 unparseable responses.

Gold label Count % Process Examples
Lexical innovation 599 58.7 Analogical formations
of which NEOLOGISM 465 45.5 Extra-gramm.:  surface updoot, pawrents
of which ENTITY 134 13.1 analogy
Non-neologism 422 41.3  Extra-gramm.: analogy via
of which FOREIGN 61 6.0 schema
of which NONE 361 35.4 Secreted c.f.: -fluencer finfluencer, fitfluencer
Total 1,021 100 Abbreviated c.f.: trad- tradwife, tradfem

Table 4: Gold annotation of the 1,021 pipeline out-
put candidates.

class taxonomy, following the annotation criteria de-
rived from the theoretical framework in §3: tokens
were classified as NEOLOGISM if they resulted from
a word-formation process (grammatical or extra-
grammatical in the sense of Mattiello 2013) and
were first attested after 2015, as enTITY if they
denoted a proper noun first attested after 2015,
as FOREIGN if they belonged to another language,
and as NONE otherwise. Table 4 cross-tabulates
pipeline output against gold labels.

Of the 1,021 candidates, 599 (58.7%) are gen-
uine lexical innovations: 465 neologisms and 134
named entities. The remaining 422 consist of 361
false positives (NONE) and 61 foreign-language to-
kens that escaped both rule-based and LLM-based
detection.

7. Discussion

The pipeline is best understood as a high-recall
candidate generator rather than a precision classi-
fier. Its primary contribution is the 122,031:1 com-
pression ratio, which reduces a task that no hu-
man annotator could feasibly undertake (reviewing
124.6 million tokens) to one that a single annotator
can complete (reviewing 1,021 candidates). We
do not report corpus-level recall, as the gold stan-
dard covers only the pipeline output; the number
of neologisms in the 124.6 million tokens that the
pipeline may have missed is unknown. To give a
rough idea, however, an estimate based on an ex-
ternal reference listis provided in §7.3. This framing
aligns with how comparable systems are evaluated:
Tomaszewska et al. (2025) report precision at each
stage and note that recall is not computable; Grieve

Non-analogical formations

Grammatical: prefixation
Grammatical: suffixation
Grammatical: compound-
ing

Marginal: neoclassical c.f.
Extra-gramm.: blending
Extra-gramm.: expressive
morph.

deplatform, exvegan
wokeism, trumpism
deepfake, longcovid

abrosexual, acephobia
barbenheimer, maskne
thiccest, consoomer

Table 5: Word-formation processes among gold
neologisms.

et al. (2018) and Brasolin et al. (2023) similarly re-
port counts of emerging words found. As in those
systems, a final manual verification step is an inte-
gral part of the design, not a limitation.

7.1. Word-Formation Patterns

The 599 gold lexical innovations exhibit a range
of word-formation processes that connect directly
to the theoretical frameworks in §3. Table 5 or-
ganises the most productive patterns along two
axes: whether the formation is analogical or non-
analogical, and whether the process is grammati-
cal, marginal, or extra-grammatical in the sense of
Mattiello (2013).

Among non-analogical formations, standard
grammatical processes account for a substan-
tial share of the data. Prefixation with produc-
tive English prefixes yields forms such as deplat-
form, detrash, exvangelical, and exvegan. Suf-
fixation with -ism generates wokeism, trumpism,
defaultism, and longtermism. Compounding pro-
duces deepfake, longcovid, and vibecheck. At the
margins of grammatical morphology, neoclassical
combining forms of Latin or Greek origin appear
in novel bases: -sexual (abrosexual, dreamsex-
ual) and -phobia/-phobic (acephobia, enbyphobic).



Non-analogical extra-grammatical processes in-
clude blending, where two source words are fused
without following a prior model (barbenheimer,
maskne, trumpanzee), and expressive morphology,
where deliberate phonological distortion of existing
words produces new forms (thiccest, consoomer,
chonkster).

The analogical formations are exclusively extra-
grammatical. Surface analogy, where a single word
serves as model, accounts for cases such as up-
doot (after upvote) and pawrents (after parents).
More productive are formations arising through
analogy via schema, where a recurrent fragment
extracted from an initial blend becomes a combin-
ing form used across a series. Several such com-
bining forms have undergone semantic generali-
sation, or secretion in the terminology of Mattiello
(2013): -fluencer (from influencer; finfluencer, fit-
fluencer, scamfluencers), -cel (from incel; femcel,
mentalcels), -core (from hardcore; goblincore, trau-
macore), -nomics (from economics; bidenomics,
tokenomics), -pilled (from redpilled; blackpilled,
blackpillers), and -maxxing (from maxing; looks-
maxxing, gymmaxxing). Others function as abbre-
viated combining forms without semantic reinter-
pretation: trad- (from traditional; tradwife, tradfem)
and -flation (from inflation; greedflation, pissflation).
Whether the secreted forms have fully detached
from their source words or remain at an intermedi-
ate stage between splinter and combining form is
a diachronic question that the present data cannot
resolve.

7.2. Error Analysis

The 422 non-neologistic tokens in the output fall
into distinct categories, each pointing to a specific
pipeline limitation.

False positives (361 tokens). The largest error
category comprises concatenations (two or more
words typed without a space, a common Reddit or-
thographic artifact) such as datingapp, sidehustle,
and telegramchannel (approximately 50 tokens).
These were correctly identified and removed by
the word segmentation step, but subsequently rein-
tegrated by the frequency threshold mechanism
(§4.5), which restores all tokens with >100 occur-
rences regardless of the reason for their exclusion.
At that point, the LLMs should have classified them
as NONE, but failed to recognise them as mere
orthographic variants of existing word sequences.
A second cluster (approximately 50 tokens) com-
prises tokens from gaming and technical domains
marked NONE for heterogeneous reasons. Some
are names of programming functions or Ul com-
ponents (floatlayout, floatmenu, floattensor): ac-
cepting these would entail treating entire program-

ming language vocabularies as natural language
neologisms. Others are spaceless concatenations
of pre-existing proper names (bioniccommando, a
1987 Capcom title; biorepeel, a cosmetic brand).
Still others are fragments of game-internal proper
names where the pipeline captured only part of a
multi-token entity, or tokens that predate 2015 but
were too domain-specific for the reference vocab-
ulary. Approximately 30 tokens are misspellings
of neologisms themselves (neurodivegent, dollfi-
cation, nuerotypicals): the typo filter checks edit
distance against dictionary words only and cannot
detect that neurodivegent is a misspelling of neuro-
divergent, which is itself absent from the reference
vocabulary. Finally, approximately 25 tokens are
pre-2015 words absent from the 16.3 million-word
reference vocabulary (latinx, onfleek, biliteracy):
the vocabulary is comprehensive but not exhaus-
tive for informal and slang registers.

Foreign language leakage (61 tokens). Two pat-
terns dominate. Taglish (Tagalog—English) code-
switching accounts for 29 of 61 tokens (47.5%):
Tagalog prefixes (na-, naka-, sina-) affixed to En-
glish roots (naghost, nakablock, sinasuggest) su-
perficially resemble English words with unfamiliar
morphology, evading both Lingua and LLM classifi-
cation. The remaining cases are English loanwords
with Romance or Germanic inflection (influenci-
ador, influenceuse, brunchen, stressar), originating
from non-English posts where the mixed morphol-
ogy falls below the language detector’s confidence
threshold.

The neologism-entity boundary. The 134
named entities in the gold standard highlight an
inherently fuzzy boundary. Tokens such as su-
perstonk (the subreddit name that became syn-
onymous with the GameStop movement) and
barbenheimer (Barbie + Oppenheimer) denote
specific referents while also exhibiting productive
word-formation processes (compounding, blend-
ing), making the neologism—entity distinction a mat-
ter of annotation judgment rather than a clear-cut
category. Game-specific terms from Splatoon (Nin-
tendo, 2015), numbering 15 tokens, Among Us,
and various crypto projects account for the bulk
of entities, and many are concentrated in one or
two subreddits, a pattern that a cross-subreddit
dispersion threshold could help address (see the
Limitations section).

7.3. Pipeline False Negatives

To estimate recall, we compile a reference list
of 103 single-token neologisms documented af-
ter 2015 in major dictionaries and lexicographic
sources: Merriam-Webster additions (2016—-2025),



Oxford and Collins Words of the Year, the American
Dialect Society Word of the Year, the British Coun-
cil “90 Words” list, Cambridge Dictionary, the OED,
and Wiktionary, as well as community-maintained
documentation sources such as Know Your Meme
(full list in Appendix B). Of the 103 reference items,
20 are correctly detected; 48 were already attested
on Reddit before 2015 and are correctly excluded;
and 2 are excluded from evaluation as inflected
forms of detected base forms. Loanwords (e.g.
mukbang from Korean) are excluded, since borrow-
ing falls outside the scope of the word-formation
frameworks adopted in §3 (see the Limitations sec-
tion). Inflected forms of base forms already de-
tected by the pipeline (e.g. deepfakes alongside
deepfake) are likewise excluded from the false neg-
ative count, as the pipeline’s purpose is to identify
novel lexical items rather than to capture every in-
flectional variant. The 33 genuine false negatives
fall into the following categories: vocabulary homo-
graph conflicts (17 tokens), where sparse pre-2015
occurrences in unrelated senses block the neolo-
gism (e.g. rizz as a character name, simp as a gam-
ing clan); external vocabulary matches (9 tokens),
where WordNet, Wiktionary, or Wikipedia contain
the word under a different meaning (copium, doggo,
stonks), a problem closely related to the semantic
shift limitation discussed below; concatenation de-
tection (3 tokens), where the segmentation module
splits the token into known substrings (e.g. cot-
tagecore); and the remaining 4 tokens are lost to
tokenisation, typo correction, or LLM misclassifica-
tion. Note that doggo, used in §3.2 as a canoni-
cal example of extra-grammatical morphology, is
missed precisely because Wiktionary lists it under
its pre-existing adverbial sense. Recall over the 53
genuinely post-2015 items is 20/53 (37.7%). Con-
versely, vtuber (virtual YouTuber), initially flagged
as a typo of tuber by SymSpell, was correctly rein-
tegrated by the frequency threshold mechanism
owing to its 41,024 occurrences, illustrating that
the reintegration stage (§4.5) functions as an effec-
tive safety net for high-frequency neologisms. The
main axis for improvement is therefore conservative
refinement of the vocabulary filtering stage, where
type-level matching without sense disambiguation
remains the primary source of false negatives.

8. Conclusion

We presented a scalable pipeline for automatic ne-
ologism detection that combines rule-based filtering
with multi-model LLM classification, grounded in
grammatical and extra-grammatical word-formation
theory. Applied to 527 million Reddit posts, the
pipeline achieves a 122,031:1 compression ratio,
yielding 1,021 candidates of which 599 (58.7%)
are genuine lexical innovations. Manual analysis

of the output reveals a range of productive word-
formation processes, from standard prefixation and
compounding to analogical patterns such as se-
creted combining forms, confirming that the pipeline
captures theoretically meaningful variation. The
error analysis indicates that future improvements
should target the earliest filtering stages rather than
downstream classification. The pipeline code, vo-
cabulary compilation scripts, and the annotated
candidate list are available at https://github.
com/DiegoRossini/neoclogism-pipeline.

Ethics Statement

The pipeline operates on unmoderated social me-
dia data and the resulting candidate list inevitably
contains tokens related to offensive language, sex-
ual content, hate speech, and extremist ideologies.
Their inclusion reflects the lexical productivity of
these domains and does not imply endorsement.
All data was processed at the token level; no indi-
vidual users were identified or tracked.

Limitations

The pipeline detects only single-token neologisms.
Multi-word expressions such as rage bait or touch
grass are invisible to the current architecture be-
cause the tokenizer treats each word independently,
and no downstream stage attempts to reassemble
multi-token units. Multi-word expressions are a
major vector for lexical innovation in informal reg-
isters, and their absence from the output means
the pipeline systematically underrepresents phrasal
coinages.

Neologisms containing numerals or non-
alphabetic characters are likewise excluded:
the pattern cleaning stage (§4.3) discards all
non-purely-alphabetic tokens. This filters out
an increasingly productive category of lexical
innovation known as algospeak (Steen et al.,
2023; Aleksic, 2025), where users deliberately
substitute letters with numbers or symbols to evade
algorithmic content moderation (e.g., $3X for sex,
$trippers for strippers), as well as named entities
whose orthography includes digits, such as 4chan.

The pipeline also cannot detect semantic shifts,
where an existing word acquires a new meaning
without any change in form. A prominent example is
Karen, a conventional given name that underwent
pejoration on Reddit and Black Twitter during the
mid-2010s to denote an entitled, privileged white
woman who weaponizes her social position. Be-
cause Karen is already present in the reference
vocabulary as a proper noun, the pipeline excludes
it at the vocabulary filtering stage, and no subse-
quent stage is equipped to detect that its usage
distribution has changed.



The current instantiation targets English only.
While the architecture is modular and transferable,
all filtering resources, phonotactic rules, and fre-
quency dictionaries are English-specific, and the
LLM prompts are written in English. Adapting the
pipeline to other languages would require substitut-
ing these components and re-evaluating the filter-
ing thresholds. For morphologically rich languages
with extensive inflectional paradigms, surface-form
vocabulary matching may require either substan-
tially larger observed-form vocabularies or an ad-
ditional lemmatization step, though lemmatizing
neologisms is itself problematic, since a lemma-
tizer trained on existing vocabulary may not reliably
reduce novel forms to their base.

The foreign language detection stage (§4.6) can-
not distinguish non-English corpus noise from gen-
uine loanwords entering English. Lexical borrowing
is not a word-formation process in either framework
adopted in §3 — neither Stekauer (2002) nor Mat-
tiello (2013) include it in their taxonomies, consis-
tent with the position that borrowing and word forma-
tion are fundamentally distinct, though interacting,
domains (ten Hacken and Panocova, 2020). This
means that nativised loanwords such as mukbang
or hygge, which are established terms in English,
fall outside the pipeline’s scope and are excluded
either by the language detector or by the reference
vocabulary.

As discussed in §7.3, the most consequential
false negatives originate at the tokenization and
vocabulary filtering stages, where tokens attested
in pre-2015 data as probable typos (stonk, monke)
or present in encyclopaedic sources (copium) are
silently treated as known vocabulary and never en-
ter the candidate pool. Two targeted improvements
would address recurrent false positive patterns iden-
tified in §7.2. A cross-subreddit dispersion thresh-
old would complement the raw frequency threshold
by requiring candidates to appear across a mini-
mum number of distinct subreddits, filtering con-
catenations such as datingapp that accumulate
high frequencies within a single community through
repeated orthographic error rather than deliberate
coinage. A post-classification deduplication step
comparing candidates by edit distance would catch
misspellings of neologisms already captured by the
pipeline (e.g., neurodivegent alongside neurodiver-
gent).

All filtering thresholds (e.g. token length, edit dis-
tance, frequency, language detection confidence)
were set based on preliminary experimentation
rather than systematically optimised on a develop-
ment set, as the computational cost of a full pipeline
run (50-65 hours) makes exhaustive parameter
search impractical. A systematic sensitivity analy-
sis is left for future work.
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Data and Code Availability

The pipeline code, vocabulary compilation scripts,
and the annotated candidate list are available
at https://github.com/DiegoRossini/
neologism-pipeline.
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A. Prompt Templates

Both prompts are used identically across all four
models (Qwen 72B, LLaMA 70B, Mistral Large
123B, and Claude Haiku).

Multi-token prompt (primary pass, 10 tokens
per call).

TASK: Classify each token
into ONE category.

ENTITY - Pure proper nouns only
(real/fictional) :
companies, brands,

places,

Examples: elon,

iphone, fortnite,

people, characters,
products, games,
apps
pikachu,
reddit,

movies,
google,
tokyo

NEOLOGISM - New English words, slang,
OR words derived from proper nouns
Examples: doomscrolling, ghosting,

rizz, bussin, adulting, covidiot,
youtuber, redditor, trumpian,
instagrammable, uberize, googlable

FOREIGN - Non-English words

Examples: além, anspielung,
yapmyorum, ademas
NONE - Usernames, typos, programming

terms, unclear words
CRITICAL RULES:
1. Derived forms are NEOLOGISM
(youtuber —-> NEOLOGISM,
youtube —-> ENTITY)
2. When uncertain, classify as NONE
3. Use the context and subreddit
to understand usage

TOKENS :
TOKEN: <token_1>
context_1 (r/<subreddit>): "<text>"
context_2 (r/<subreddit>): "<text>"
context_3 (r/<subreddit>): "<text>"
TOKEN: <token_2>
context_1 (r/<subreddit>): "<text>"

OUTPUT:

One classification per line as
TOKEN:LABEL (ENTITY, NEOLOGISM,
FOREIGN, or NONE) .

No explanations.

Single-token prompt (retry pass for failed to-
kens).

Classify this token into ONE
category: ENTITY, NEOLOGISM,
FOREIGN, or NONE.

ENTITY - Pure proper nouns only

(real/fictional) : people,
characters, companies, brands,
products, games, movies, places,
apps

NEOLOGISM - New English words, slang,
OR words derived from proper nouns
(youtuber, trumpian,

instagrammable)

FOREIGN - Non-English words

NONE - Usernames, typos, programming
terms, unclear words

TOKEN: <token>
context_1 (r/<subreddit>): "<text>"
context_2 (r/<subreddit>): "<text>"
context_3 (r/<subreddit>): "<text>"

Answer with ONLY the label:
<token>:LABEL



B. Recall Reference List

Table 6 and Table 7 list the 103 single-token neolo-
gisms used for the recall evaluation in §7.3.

Status labels. TP = detected by the pipeline (true
positive); FN = genuine false negative (post-2015,
missed by pipeline); pre-15 = correctly excluded
(attested on Reddit before 2015); excl. = excluded
from evaluation (inflected form of a detected base
form).

Source abbreviations. MW = Merriam-Webster;
KYM = Know Your Meme; BC90 = British Council
90 Words; ADS = American Dialect Society; Collins
= Collins Dictionary; Cambridge = Cambridge Dic-
tionary; Oxford WOTY = Oxford Word of the Year;
UrbanDict = Urban Dictionary; Dictionary.com =
Dictionary.com; Aesth. Wiki = Aesthetics Wiki.?

2Source  base URLs: Merriam-Webster:
https://www.merriam-webster.com; Know Your
Meme: https://knowyourmeme .com; British Coun-
cil 90 Words: https://www.britishcouncil.org;

American  Dialect  Society: https://www.

americandialect.org; Collins Dictionary: https:
//www.collinsdictionary.com; Cambridge Dic-
tionary: https://dictionary.cambridge.org;

Oxford Word of the Year. https://languages.

oup.com/word-of-the-year; Urban Dictionary:
https://www.urbandictionary.com; Dictio-
nary.com: https://www.dictionary.com; Wik-
tionary: https://en.wiktionary.org; Aesthetics
Wiki: https://aesthetics.fandom.com. The full
reference list with per-word verification URLs is available
in the project repository.
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Word Year Source Status
doomscroll 2020 MW 2023 TP
doomscrolling 2020 MW 2023 TP
deepfake 2017 MW 2023; BC90 TP
deepfakes 2017 MW 2023 excl.
finsta 2017 MW 2023 FN
edgelord 2016 MW 2023; BC90 pre-15
copypasta 2016 MW 2023 pre-15
clickbait 2015 MW 2018 pre-15
subtweet 2015 MW 2018 pre-15
doxing 2015 MW 2017 pre-15
doxxing 2015 MW 2023 pre-15
ghosting 2017 MW 2017 pre-15
catfishing 2015 MW 2023 pre-15
copium 2020 Collins; MW FN
hopium 2020 Collins pre-15
shitposting 2017 Wiktionary pre-15
shitpost 2017 Wiktionary pre-15
rizz 2023 MW 2023; Oxford WOTY 2023; BC90 FN
simp 2019 MW 2023 FN
simping 2019 MW 2025 FN
stan 2017 MW 2019 pre-15
stanning 2017 MW 2019 pre-15
sealioning 2017 Collins pre-15
doggo 2017 MW 2023 FN
birb 2017 KYM FN
chonk 2018 KYM FN
chonky 2018 KYM FN
poggers 2017 KYM FN
stonks 2021 KYM FN
thicc 2017 KYM FN
updoot 2016 KYM TP
yeet 2018 MW 2023 pre-15
yeeted 2018 MW 2023 FN
sussy 2021 KYM FN
bussin 2021 MW 2023 pre-15
Skibidi 2023 Cambridge 2025 FN
delulu 2023 Cambridge 2025 FN
uwu 2017 KYM pre-15
smol 2016 KYM FN
blorbo 2022 KYM TP
enshittification 2023 ADS WOTY 2023 TP
enshittify 2023 Wiktionary FN
touchgrass 2021 MW 2024 FN
blockchain 2016 MW 2018 pre-15
cryptocurrency 2017 MW 2018 pre-15
bitcoin 2016 MW 2016 pre-15
chatbot 2017 MW 2018 pre-15
ransomware 2017 MW 2018 pre-15
deepfaked 2019 Wiktionary FN
vtuber 2020 Wiktionary TP
hod/ 2017 Wiktionary pre-15
defi 2020 Wiktionary pre-15

Table 6: Recall reference list (1/2). "Year" indicates when the source documented the word, not the year

of coinage.
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Word Year Source Status
altcoin 2017 Wiktionary pre-15
memecoin 2021 Wiktionary pre-15
stablecoin 2020 Wiktionary pre-15
rugpull 2021 Wiktionary FN
rugpulled 2021 Wiktionary FN
wokeism 2019 Wiktionary TP
wokeness 2019 Wiktionary FN
trumpism 2016 Wiktionary TP
deplatform 2018 Wiktionary TP
deplatformed 2018 Wiktionary excl.
deplatforming 2018 Wiktionary TP
mansplaining 2015 MW 2018 pre-15
manspreading 2015 MW 2016 pre-15
whataboutism 2017 MW 2019 pre-15
incel 2018 Collins WOTY 2018; BC90 pre-15
incels 2018 Collins WOTY 2018 pre-15
blackpill 2018 Wiktionary FN
blackpilled 2018 Wiktionary TP
redpilled 2016 Wiktionary pre-15
breadcrumbing 2018 Wiktionary TP
situationship 2022 Oxford WOTY 2023; BC90 pre-15
allyship 2018 MW 2019 pre-15
covidiot 2020 Collins TP
quarantini 2020 Wiktionary FN
longcovid 2020 Wiktionary TP
superspreader 2020 MW 2020 FN
doomscroller 2020 MW 2023 TP
covfefe 2017 Wiktionary TP
infodemic 2020 Wiktionary FN
deadname 2018 MW 2023 FN
deadnaming 2018 MW 2023 FN
genderfluid 2016 MW 2018 pre-15
demisexual 2018 Wiktionary pre-15
neurodivergent 2020 MW 2023 pre-15
adulting 2016 MW 2017; BC90 pre-15
cottagecore 2020 Dictionary.com FN
goblincore 2020 Dictionary.com TP
darkcore 2020 Aesth. Wiki pre-15
tradwife 2020 Cambridge 2025 TP
sponcon 2018 Wiktionary FN
finfluencer 2020 Wiktionary TP
hygge 2016 Oxford WOTY 2016 pre-15
glamping 2016 MW 2016 pre-15
athleisure 2016 MW 2016 pre-15
shadowban 2022 MW 2024 pre-15
jawnz 2023 UrbanDict pre-15
longhauler 2020 Wiktionary FN
rawdogging 2024 Wiktionary pre-15
brainrot 2024 Oxford WOTY 2024 FN
airdrop 2017 Wiktionary pre-15
gaslighting 2016 MW WOTY 2022 pre-15

Table 7: Recall reference list (2/2). "Year" indicates when the source documented the word, not the year

of coinage.
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High Resource Bias in Al-Driven Neology:
Structural Inequality in Lexical Innovation
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Abstract
Large language models (LLMs) are increasingly deployed to detect, generate, and normalize neologisms across
languages. While prior work has examined their capacity to model semantic change and handle temporal
drift, insufficient attention has been paid to how training data asymmetries interact with probabilistic generation
mechanisms to structure lexical innovation itself. This position paper argues that Al-driven neology is shaped by
systematic high resource bias that privileges dominant languages in the production, stabilization, and dissemination
of new lexical items. Drawing on sociolinguistics, language political economy, lexicography, and computational
modeling theory, we formalize how distributional imbalance alters innovation likelihood across languages. We
introduce a taxonomy of bias types specific to Al-mediated neology, present a probabilistic account of generative
reinforcement loops, and illustrate these mechanisms using documented examples from English-Arabic and
English-Icelandic language pairs. We derive empirically testable predictions, outline concrete experimental proto-
cols for their validation, and propose mitigation strategies for lexicographers, language planners, and NLP researchers.

Keywords: neology, large language models, linguistic bias, lexical innovation, high-resource languages,
low-resource languages, language resources equity

1. Introduction prehensive survey by Al-Khalifa et al. (2025) docu-

ments persistent preferences for English-derived

Neologisms emerge within speech communities  transliterations over indigenous Arabic derivations
through innovation, uptake, and stabilization. His-  in technical domains.

torically, lexical change has been modeled as a This paper advances three central claims:

socially distributed process observable through cor-

pus frequency and contextual shift (Lejeune and 1. Al-driven neology is structured by global in-

Cartier, 2017). With the rise of large language mod- equalities in linguistic capital (Bourdieu, 1991).

els (LLMs), a new infrastructural actor enters this

process: generative systems capable of produc- 2. Generative architectures amplify innovation

ing plausible lexical forms largely independent of originating in dominant languages while

direct community grounding. These systems do marginalizing or normalizing innovation in low

not merely reflect existing language use; they ac- resource contexts.

tively shape the probability landscape in which new

words are formed, evaluated, and propagated. 3. Without corrective mechanisms, LLM-
Contemporary LLMs are trained on corpora in integrated lexicographic practice risks

which English and a handful of dominant languages reinforcing structural linguistic inequality on a

are massively overrepresented (Joshi et al., 2020). global scale.

This imbalance is not merely representational; it fun-

damentally reshapes the geometry of embedding Our contribution is explicitly a position paper: it

spaces, the density of contextual neighborhoods, is theoretical and analytical in nature. We formal-
and the probability mass assigned to candidate  ize mechanisms and derive testable predictions
lexical forms. As a result, generative outputs sys-  rather than presenting new benchmarking exper-
tematically favor patterns from high resource lan-  iments, complementing empirical work such as
guages, creating structural asymmetries in lexical ~ NEO-BENCH (Zheng et al., 2024), the Icelandic lin-
innovation that extend beyond simple performance  guistic benchmark (Armannsson et al., 2025), and
degradation in low resource settings. recent surveys of Arabic LLMs (Al-Khalifa et al.,

Recent empirical work has begun to document ~ 2025). By focusing specifically on lexical innova-
these effects. Zheng et al. (2024) demonstrate  tion, we extend broader discussions of LLM bias
that even a single neologism can reduce machine  (Navigli et al., 2023) to the domain of language
translation quality by up to 43%, with effects more  change and resource equity. Importantly, we also
pronounced for words of non-English origin. Ar-  outline concrete experimental protocols that would
mannsson et al. (2025) show reduced accuracy  enable future empirical validation of our claims, re-
in morphological well-formedness judgments for  sponding to the need for actionable research direc-
Icelandic compared to English baselines. The com-  tions in this emerging area.
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2. Conceptual Delimitation
2.1. From Data Imbalance to Innovation
Asymmetry

Data imbalance across languages has been
widely documented in the NLP literature (Joshi
et al., 2020; Navigli et al., 2023). However, the
present argument concerns a distinct and previ-
ously under-theorized phenomenon: innovation
likelihood asymmetry. Most existing discussions
of imbalance focus on degraded performance in
low resource languages, such as reduced transla-
tion quality or higher perplexity when encountering
rare forms. Here, the focus shifts to generative
dynamics.

Neology involves modeling productive morpho-
logical processes, semantic extension, compound-
ing creativity, and lexical blending. These pro-
cesses depend critically on dense distributional
representations. The relevant question is therefore
not only whether a language is underrepresented
in training data, but whether the density of its con-
textual embedding space supports probabilistically
plausible lexical innovation. High resource bias in
neology is not reducible to general data imbalance;
it concerns how imbalance actively restructures the
innovation space itself.

This distinction is crucial because even morpho-
logically rich low resource languages may exhibit
suppressed indigenous creativity when mediated
by current LLMs. Icelandic, with its productive
compounding system, and Arabic, with its root-
and-pattern morphology, both show evidence of
this suppression despite their structural complexity
(Armannsson et al., 2025; Al-Khalifa et al., 2025;
Wiemerslage et al., 2022).

2.2. Borrowing Versus Algorithmic
Amplification

Borrowing is a natural and historically ubiquitous
linguistic process. Languages routinely adopt for-
eign lexical material in domains of technological
and cultural change. The argument here does not
pathologize borrowing. Instead, it distinguishes be-
tween organic, contact-driven borrowing shaped by
sociocultural interaction and algorithmically ampli-
fied borrowing driven by probabilistic reinforcement
within digital infrastructures.

The issue is one of structural acceleration and
asymmetry. When generative systems system-
atically increase the visibility and probability of
dominant-language innovations, they may distort
the ecological balance between borrowing and in-
digenous derivation. Recent lexicographic anal-
yses document this effect in real-world dictio-
nary compilation pipelines (Poix and Shevchenko,
2025).
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2.3. LLMs as Infrastructural Mediators

This paper does not claim that LLMs autonomously
create language change. Human communities re-
main the ultimate agents of stabilization and uptake.
However, LLMs function as powerful infrastructural
mediators within contemporary socio-technical net-
works. Gillespie (2014) argues that algorithms em-
bedded in digital platforms increasingly determine
what information is considered relevant, shaping
participation in public life through procedural log-
ics. Algorithmic systems shape visibility, salience,
and circulation of linguistic forms. In generative
contexts, they additionally influence which lexical
candidates are more likely to be produced and re-
peated at scale.

As Periti and Montanelli (2024) observe in their
survey of lexical semantic change through LLMs,
these models fundamentally alter how we can de-
tect, interpret, and assess meaning change over
time. LLMs participate in language change not as
originators but as amplifiers and redistributors of
innovation probability (Navigli et al., 2023).

3. Related Work

Research on bias in large language models has
grown rapidly, primarily addressing social stereo-
types, toxicity, and performance disparities across
demographic groups (Navigli et al., 2023; Galle-
gos et al., 2024). A foundational contribution by
Joshi et al. (2020) documented severe underrepre-
sentation of the majority of the world’s languages
in both NLP corpora and conference publications,
establishing the data imbalance that underlies the
present argument. Their taxonomy classified lan-
guages into six resource categories, with the vast
majority falling into the lowest tiers. This imbalance
reflects broader patterns of linguistic hierarchy that
sociolinguists have long documented (De Swaan,
2001; Blommaert, 2010).

The political economy of large-scale language
modeling has attracted increasing critical attention.
Bender et al. (2021), in their influential analysis
of the risks associated with ever-larger language
models, highlight how training data sourced pre-
dominantly from the web systematically underrep-
resents marginalized communities and linguistic
minorities. Conneau et al. (2020) demonstrate that
while cross-lingual transfer learning can benefit low
resource languages, trade-offs emerge between
positive transfer and capacity dilution as model cov-
erage expands. Similarly, Xue et al. (2021) show
that massively multilingual models exhibit signifi-
cant performance disparities across languages de-
spite their broad coverage.

Subsequent empirical studies have quantified
how this imbalance propagates to model behav-
ior. Zheng et al. (2024) introduced NEO-BENCH,



a benchmark specifically designed to test LLM ro-
bustness to neologisms. Their results show that
model performance is nearly halved in machine
translation when a single neologism is introduced.
Critically, they found that LLMs are affected differ-
ently based on the linguistic origins of words, with
non-English neologisms posing greater challenges.

For morphologically complex low resource lan-
guages, Armannsson et al. (2025) created the
first manually curated linguistic benchmark for Ice-
landic LLMs. Native-speaker evaluation revealed
markedly reduced accuracy in well-formedness
judgments and morphological productivity tests
compared with English baselines. Similarly, the
comprehensive survey by Al-Khalifa et al. (2025)
of Arabic LLMs highlights persistent challenges in
handling Arabic’s rich morphological system and a
preference for English-derived forms in technical
domains.

The Arabic case is particularly well documented
in terms of resource availability. Surveys of freely
available Arabic corpora have repeatedly demon-
strated the imbalance between the language’s mas-
sive speaker population and its comparatively lim-
ited digital resource base (Zaghouani, 2014). While
substantial efforts have been made to build dialec-
tal resources across multiple Arab countries (Za-
ghouani and Charfi, 2018; Bouamor et al., 2018;
Charfi et al., 2019), these remain small relative to
English-language resources and are concentrated
in specific domains such as social media and news,
leaving technical and scientific domains particularly
underrepresented. This gap in domain coverage is
directly relevant to our argument about neological
innovation, as it is precisely in technical domains
that new terminology emerges most actively.

Theoretical work on morphological productivity
provides essential grounding for understanding
these patterns. Bauer (2001) offers a comprehen-
sive treatment of productivity measurement, em-
phasizing the scalar nature of morphological pro-
cesses and the role of frequency in determining
productive potential. Bybee (1995) establishes the-
oretical connections between token frequency and
morphological representation that inform our for-
malization. Hamilton et al. (2016) demonstrate that
statistical laws govern semantic change, with word
frequency playing a key role in determining rates
of meaning evolution, findings directly relevant to
modeling innovation probability.

Lexicographic perspectives on Al-generated lan-
guage have emerged only recently. Poix and
Shevchenko (2025), in their eLex 2025 contribution,
explicitly discuss the challenge of distinguishing
organically occurring neologisms from synthetic
LLM outputs in corpus data. They warn that Al-
generated text may artificially inflate hapax legom-
ena and distort diachronic frequency trends, raising
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urgent questions about the authenticity of corpus-
based lexicographic evidence.

Complementary work on morphological process-
ing by Wiemerslage et al. (2022) demonstrates
that unsupervised paradigm completion for low re-
source languages remains fundamentally limited
by sparse training signals. This limitation directly
affects the capacity of LLMs to model productive
morphological innovation in these languages.

The sociotechnical dynamics of algorithmic me-
diation have been theorized by Gillespie (2014),
who argues that algorithms function as relevance-
determining systems that shape public knowledge
and participation. This framework illuminates how
LLMs, as generative algorithms, may restructure
the landscape of lexical innovation by privileging
certain forms over others.

No prior publication has synthesized these
threads into a unified formal account of high re-
source bias specifically targeting lexical innovation.
The present paper fills this gap while remaining
grounded in verified, peer-reviewed findings.

4. Theoretical Foundations

4.1. Neology and Lexicalization

Neologisms emerge through five primary mecha-
nisms: morphological derivation, compounding, se-
mantic shift, blending, and borrowing. The produc-
tivity of these mechanisms varies both synchroni-
cally and diachronically (Bauer, 2001). Successful
lexicalization further requires sustained frequency
growth, semantic stabilization, and eventual insti-
tutional recognition (Lejeune and Cartier, 2017).
Traditional corpus linguistics treats frequency tra-
jectories as direct evidence of community uptake,
a relationship now formalized through diachronic
word embeddings that reveal statistical laws gov-
erning semantic change (Hamilton et al., 2016).

In Al-mediated environments, however, synthetic
generation fundamentally complicates this eviden-
tiary basis. LLM outputs can rapidly create the
appearance of frequency without corresponding
human adoption (Zheng et al., 2024; Poix and
Shevchenko, 2025). This raises urgent questions
for lexicographers and language resource curators:
How can we distinguish genuine community inno-
vation from algorithmically amplified forms? What
new methodologies are needed to track authen-
tic lexical change in corpora increasingly contami-
nated by Al-generated text?

4.2. Linguistic Capital and Global
Hierarchy

Language operates within a global hierarchy of sym-
bolic power (Bourdieu, 1991). De Swaan (2001)



formalizes this hierarchy as a system in which lan-
guages occupy positions ranging from peripheral to
supercentral, with English functioning as the hyper-
central language connecting all others. Dominant
languages accumulate institutional infrastructure,
technological embedding, and cultural capital. Dig-
ital textual production mirrors and amplifies this
hierarchy, a pattern that Blommaert (2010) charac-
terizes as linguistic stratification within globalized
communication systems.

Training corpora for today’s LLMs are heavily
skewed toward English and a small set of other
high resource languages (Joshi et al., 2020). Ben-
der et al. (2021) argue that such scale-driven ap-
proaches systematically underrepresent the linguis-
tic diversity of the world’s population, with conse-
quences for both equity and quality. Cross-lingual
representation learning demonstrates clear trade-
offs between positive transfer and capacity dilu-
tion as the number of languages increases (Con-
neau et al., 2020). This asymmetry is not static;
it becomes operationalized in probabilistic genera-
tion. As Navigli et al. (2023) document, data selec-
tion bias in training corpora cascades into multiple
forms of social and linguistic bias in model outputs.
For neology specifically, this creates self-reinforcing
loops that systematically disadvantage lexical cre-
ativity in low resource contexts.

4.3. Distributional Semantics and
Innovation Space

The capacity of LLMs to model productive word
formation depends on the density and quality of
distributional representations. In high resource lan-
guages, dense contextual neighborhoods enable
robust generalization to novel forms. Models can
accurately predict which morphological combina-
tions are plausible, which semantic extensions are
natural, and which compounds are well-formed.

In low resource languages, sparse representa-
tions constrain these capacities. As Wiemerslage
et al. (2022) demonstrate, morphological process-
ing quality correlates strongly with training data
availability. The implication for neology is that even
when low resource languages possess rich produc-
tive morphological systems, LLMs may fail to model
their creative potential accurately.

5. Formalizing High Resource Bias

5.1.

Let L denote a language, Dy, the effective training
corpus size in tokens, and P(w | ¢, L) the condi-
tional token probability given context ¢. For high
resource languages, Dhigh > Diow. This disparity
yields more accurate estimation of conditional prob-
abilities, denser contextual neighborhoods, and

Setup
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more robust modeling of morphological productiv-
ity.

5.2.

Let n be a candidate neologism constructed via pro-
ductive morphological processes. In a generative
model,

Innovation Probability

P(n e, L) ocexp(fy(n,c, L))

where fy is the learned scoring function. For struc-
turally parallel innovations across languages,

E[P(n ‘ ¢, Lhigh)} > E[P(n ‘ & Llow)]

because subword representations are better opti-
mized, productive patterns are observed at higher
frequency, and contextual embeddings exhibit sub-
stantially lower uncertainty.

We note that this formalization is intended as
an illustrative abstraction rather than a validated
model. Its purpose is to provide a structured frame-
work for generating testable hypotheses, which we
detail in Section 8. The mathematical formulation
captures the core intuition that data asymmetry
translates into innovation asymmetry, and it is de-
liberately kept simple to highlight this relationship
clearly rather than to model all relevant variables.

5.3. Morphological Productivity

Let M, represent the modeled productivity of mor-
phological transformations. Following Bauer (2001)
and Bybee (1995) on the relationship between fre-
quency and morphological productivity, we hypoth-
esize:

ML X log(DL)

As corpus size increases, the model’s capacity to
generalize productive transformations grows non-
linearly. Consequently, low resource languages
exhibit more conservative generation behavior, re-
duced rates of indigenous derivation, and greater
reliance on high-frequency borrowed tokens. This
pattern is consistently observed in both Icelandic
compounding (Armannsson et al., 2025) and Arabic
morphological systems (Al-Khalifa et al., 2025).

5.4. Generative Reinforcement Dynamics

Let P,(n, L) denote the probability of generating
neologism n at time ¢. If n originates in a high
resource language,

Py 11(n, Lhigh) = P;(n, Lpigh) + o - Exposure,

Through global digital circulation, the form gains
visibility. In low resource languages the update
becomes

Piy1(n, Liow) = Pi(n, Liow)+5-TranslationExposure,



where typically 5 > « for borrowed forms due to
their higher baseline probability in the model.

This produces a feedback loop: high resource
innovation — Al generation — digital uptake —
corpus reintegration — increased generation prob-
ability. Such loops accelerate linguistic homoge-
nization, as documented in broader analyses of
LLM bias propagation (Navigli et al., 2023).

6. Taxonomy of Bias Types

We identify four interlocking bias types specific to
Al-mediated neology:

Type 1: Distributional Bias. Unequal model-
ing quality resulting from corpus size disparities
produces sparser representations for low resource
languages (Joshi et al., 2020). This bias affects the
foundational capacity to represent and manipulate
lexical forms.

Type 2: Generative Amplification Bias. Dis-
proportionate reproduction and probability boosting
of dominant-language innovations during genera-
tion (Zheng et al., 2024). High resource neologisms
receive higher generation probabilities even when
low resource alternatives exist.

Type 3: Translational Normalization Bias.
Flattening of indigenous semantic nuance when
LLMs default to high resource lexical templates dur-
ing translation or cross-lingual tasks. This is par-
ticularly evident in Arabic technical neology, where
transliteration often supersedes productive root-
and-pattern derivation (Al-Khalifa et al., 2025).

Type 4: Institutional Adoption Bias. Faster
validation and lexicographic acceptance of high-
visibility generative forms. Al-amplified neologisms
may achieve apparent frequency thresholds for dic-
tionary inclusion more rapidly, complicating the de-
tection of organic innovation (Poix and Shevchenko,
2025).

These biases interact multiplicatively, producing
compound effects on global lexical ecosystems. A
neologism disadvantaged by distributional bias will
also suffer reduced generative amplification, face
stronger normalization pressure toward dominant-
language equivalents, and experience slower insti-
tutional recognition.

7. lllustrative Case Studies

Table 1 summarizes selected neologisms drawn
from published benchmarks. All observations are
based on empirical results reported in the cited liter-
ature. While we do not introduce new experimental
analyses here, these examples serve to ground
our theoretical framework in documented findings,
illustrating how the bias types identified in Section
6 manifest in practice across different language
pairs.
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7.1. Cross-Linguistic Patterns

Beyond the specific Arabic and Icelandic cases,
broader patterns emerge from the empirical litera-
ture. Zheng et al. (2024) note that neologisms of
different linguistic origins pose varying challenges:
words borrowed into English from other languages
(such as pig butchering from Mandarin) show com-
partmentalized understanding, while native English
formations are more robustly represented. This
asymmetry suggests that even within high resource
English, the provenance of neologisms matters.

The COVID-19 pandemic provided a natural ex-
periment in cross-linguistic neological dynamics.
Technical terms like coronavirus, lockdown, and so-
cial distancing required rapid adaptation across lan-
guages. Observations suggest that high resource
languages integrated these terms quickly and di-
versely, generating multiple synonyms and stylistic
variants. Low resource languages, by contrast,
showed slower integration and greater reliance on
direct borrowing rather than calquing or indigenous
derivation.

These patterns support our central claim: the
generative dynamics of LLMs systematically favor
high resource language innovation while constrain-
ing creativity in low resource contexts. The effects
compound across the taxonomy we propose: dis-
tributional bias creates unequal starting conditions,
generative amplification widens the gap, transla-
tional normalization flattens alternatives, and insti-
tutional adoption bias cements the outcomes.

7.2. English-Arabic Case Study

The English blend doomscrolling is densely rep-
resented in training data. NEO-BENCH demon-
strates strong performance on definition tasks in
high resource settings but dramatic degradation
in machine translation (Zheng et al., 2024). Ara-
bic exhibits a rich system of root-and-pattern mor-
phology that supports productive technical neology.
However, in generative outputs, transliteration or
descriptive calques consistently predominate over
productive derivation (Al-Khalifa et al., 2025).

Arabic’s morphological system offers multiple
productive mechanisms for neological derivation.
The root-and-pattern system allows creation of new
words through established templates: for instance,
the root k-t-b (related to writing) generates kitab
(book), katib (writer), maktaba (library), and maktib
(written). This system could theoretically accom-
modate technical neologisms through analogical
extension. Similarly, Arabic possesses productive
compounding mechanisms and established pat-
terns for arabicization of foreign terms.

Despite these resources, surveys of Arabic LLMs
reveal systematic preferences for transliteration (Al-
Khalifa et al., 2025; Darwish et al., 2021). Technical



Neologism Formation Resource Con- | Observed LLM Behavior
Type text
doomscrolling Morphological | High (English) Lower perplexity; strong definition generation; MT qual-
blend ity drops 43% when introduced as unknown form
pig butchering Semantic High via English | Compartmentalized knowledge; literal translations pre-
calque (from dominate over idiomatic rendering
Mandarin)
stablecoin Technical com- | High (English) Accurate definition generation; successful cross-lingual
pound transfer to related high resource languages
Icelandic  com- | Productive Low (Icelandic) Reduced accuracy in well-formedness judgments; lower
pounds (e.g., | compounding Woug-test performance vs. English baselines
sykingarpreyta)
Arabic  techni- | Translational Low (Arabic) Strong preference for transliteration over indigenous
cal terms (e.g., | borrowing root-and-pattern derivation
metaverse equiv-
alents)
COVID-related Multi-type Variable High resource languages show rapid integration; low re-
neologisms source languages show delayed and less diverse adap-
tation

Table 1: Selected neologisms illustrating high resource bias patterns. All entries are derived from empirical

findings in cited published benchmarks and surveys.

terms like internet, computer, and emerging vocab-
ulary such as metaverse are frequently rendered as
phonetic borrowings rather than morphologically in-
tegrated forms. This pattern reflects the higher prior
probability assigned to borrowed forms in training
data. Even when Arabic language academies have
proposed indigenous alternatives, the distributional
dominance of English in training corpora biases
outputs toward transliteration.

The problem is compounded by the fact that ex-
isting Arabic corpora, while growing in volume, re-
main concentrated in certain domains and registers.
Surveys of freely available Arabic corpora have
documented persistent gaps in technical and sci-
entific writing (Zaghouani, 2014), and while large-
scale dialectal corpora now cover social media reg-
isters across multiple Arab countries (Zaghouani
and Charfi, 2018; Bouamor et al., 2018; Charfi
et al., 2019), technical neology remains poorly rep-
resented. This domain mismatch means that LLM
training data for Arabic overrepresents informal reg-
isters where borrowing is already prevalent, further
reinforcing the preference for transliterated forms
over indigenous derivations.

The effect creates a self-reinforcing cycle: bor-
rowed forms dominate corpora, models learn to pre-
fer borrowed forms, generated text contains more
borrowed forms, and future training corpora inherit
this bias. This dynamic threatens the productivity
of Arabic’s morphological system in precisely the
domains, such as technology and science, where
neological creativity is most needed.
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7.3. English-Icelandic Case Study

Icelandic language planning has long promoted in-
digenous coinages through institutions such as the
Arni Magnusson Institute. The language possesses
extraordinarily productive compounding and deriva-
tional systems. Icelandic has historically coined
native terms for modern concepts: simi (telephone,
from an old word for thread), télva (computer, from
tala ‘number’ + vélva ‘prophetess’), and sjonvarp
(television, literally ‘vision-throw’). This tradition
reflects deliberate language policy aimed at main-
taining linguistic purity and ensuring that Icelandic
remains fully functional for expressing modern con-
cepts.

Yet LLM outputs in hybrid prompts frequently
default to English technical terms or hybrid forms
(Armannsson et al., 2025). The benchmark cre-
ated by these researchers specifically tests mor-
phological productivity through tasks including well-
formedness judgments, Wug tests (requiring gen-
eration of novel inflected forms), and compound
interpretation. Results show that state-of-the-art
models perform significantly worse on Icelandic
morphological tasks compared to structurally anal-
ogous tasks in English.

This disparity is particularly striking given Ice-
landic’s morphological regularity. The language’s
inflectional system, while complex, follows highly
predictable patterns that should, in principle, be
learnable from sufficient data. The performance
gap therefore reflects not inherent difficulty but train-
ing data distribution. With approximately 350,000
native speakers, Icelandic is dwarfed in corpus rep-
resentation by English’s billions of speakers and
massive digital footprint.

The Icelandic case reveals a fundamental ten-



sion between probabilistic modeling and institu-
tional language policy. When LLMs consistently
suggest English borrowings over indigenous Ice-
landic compounds, they work against decades of
careful language planning. Users interacting with
Al systems may increasingly encounter and adopt
these borrowed forms, potentially undermining the
ecosystem of indigenous neological creativity that
language planners have cultivated. This repre-
sents a concrete mechanism by which Al systems
may accelerate language shift even in communi-
ties with strong institutional support for linguistic
maintenance.

8. Empirically Testable Predictions

Based on our formalization, we derive three spe-
cific predictions amenable to empirical validation.
For each prediction, we outline a concrete experi-
mental protocol that would enable systematic test-
ing, responding to the need for actionable research
designs that can move the field from theoretical
argument to empirical investigation.

Prediction 1: Generative Diversity Hypothe-
sis. Under symmetric prompting conditions, high
resource languages will exhibit significantly higher
rates of indigenous morphological innovation than
low resource languages. This can be tested via
controlled generation experiments extending the
methodology of Zheng et al. (2024), comparing ne-
ologism generation rates across typologically simi-
lar language pairs with different resource levels.

Proposed protocol: Design a set of parallel
prompts in matched language pairs (e.g., English
vs. Icelandic, English vs. Arabic) that elicit neolo-
gism generation for identical novel concepts. Using
multiple LLMs (both proprietary and open-weight),
collect at least 100 generated responses per lan-
guage per model. Annotate each generated neolo-
gism for formation type (indigenous derivation, com-
pounding, borrowing, calque, transliteration) using
trained native speaker annotators. Compute the
ratio of indigenous formations to borrowed forms
across languages and test for statistically signifi-
cant differences using appropriate non-parametric
tests given the expected non-normal distributions.

Prediction 2: Borrowing Amplification Hy-
pothesis. The probability of borrowed forms in
low resource languages will increase measurably
following global exposure of dominant-language
neologisms. This is testable via temporal corpus
analysis comparing borrowing rates before and af-
ter major LLM deployment waves, particularly for
technical vocabulary domains.

Proposed protocol: Construct time-stamped cor-
pora for Arabic and Icelandic technical writing span-
ning two periods: pre-ChatGPT (2018-2022) and
post-ChatGPT (2023-2026). For each period, ex-
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tract neologisms related to technology, Al, and dig-
ital culture. Measure the proportion of borrowings
versus indigenous formations in each period. Con-
trol for the natural increase in borrowing by com-
paring rates in domains where LLM-generated text
is prevalent (e.g., online content) versus domains
where it is rare (e.g., print publications, academic
writing). A significant increase in borrowing rates
disproportionately concentrated in LLM-saturated
domains would support this prediction.

Prediction 3: Morphological Suppression Hy-
pothesis. Al outputs for morphologically rich low
resource languages will show lower morphological
novelty compared with matched human corpora.
This prediction is directly testable against the bench-
marks established by Armannsson et al. (2025) for
Icelandic and the Arabic evaluation frameworks
surveyed by Al-Khalifa et al. (2025).

Proposed protocol: Compile a corpus of LLM-
generated text and a matched corpus of human-
authored text in Arabic and Icelandic across the
same domains and time periods. Measure morpho-
logical diversity using type-token ratio of morpholog-
ical patterns, hapax legomena rates for derivational
and compound formations, and the proportion of
productive use of native morphological templates.
Compare these metrics between LLM-generated
and human-authored subcorpora, testing whether
LLM text shows significantly reduced morpholog-
ical novelty. This approach builds directly on the
morphological analysis tools used in the Icelandic
benchmark (Armannsson et al., 2025) and can
leverage existing Arabic morphological analyzers
such as those surveyed in Darwish et al. (2021).

9. Implications and Mitigation

9.1. For Lexicography

Al-assisted corpus monitoring tools must incorpo-
rate mechanisms to distinguish organic uptake from
synthetic amplification. Lexicographic workflows
should adopt generative provenance tracking, flag-
ging items that may have entered corpora through
Al generation rather than community usage (Poix
and Shevchenko, 2025). This may require new
metadata standards for corpus annotation and re-
vised criteria for dictionary inclusion.

9.2. For Language Policy

Language planning institutions must explicitly ac-
count for algorithmic reinforcement of borrowing.
Organizations such as the Arni Magnusson Insti-
tute and Arabic language academies face new chal-
lenges in promoting indigenous terminology when
probabilistic systems systematically favor borrowed
forms. Promising mitigation avenues include equity-



aware fine-tuning and retrieval-augmented genera-
tion grounded in carefully curated local corpora.

9.3. For NLP Research

Evaluation metrics should incorporate cross-lingual
innovation parity rather than focusing solely on
aggregate performance benchmarks (Joshi et al.,
2020). Concrete mitigation strategies include:

1. Balanced multilingual pre-training with explicit
low resource upsampling

Morphology-aware tokenization schemes tai-
lored to low resource languages (Wiemerslage
et al., 2022)

. Community-in-the-loop validation pipelines for
neologism detection

Development of neology-specific benchmarks
for low resource languages extending exist-
ing dialectal and multi-genre corpus efforts
(Bouamor et al., 2018; Charfi et al., 2019)

LREC is ideally positioned to lead by developing
multilingual neology resources that explicitly tag
generative versus human provenance.

10. Discussion

The mechanisms formalized in this paper suggest
that current LLM architectures do not merely reflect
existing linguistic inequalities; they actively accel-
erate them within digital ecosystems. Over time,
this may lead to reduced lexical diversity worldwide,
with low resource languages increasingly function-
ing as recipients rather than co-creators of neologi-
cal innovation.

The Icelandic and Arabic case studies illustrate
how even languages with strong institutional sup-
port and rich morphological systems remain vul-
nerable. Icelandic, with its centuries-long tradition
of linguistic purism and active language planning,
faces pressure from Al systems that consistently
prefer English borrowings. Arabic, with over 400
million speakers and a morphological system of re-
markable productivity, sees its derivational potential
underutilized as models default to transliteration.

10.1. Broader Consequences for

Linguistic Diversity

The implications extend beyond academic con-
cern: lexical innovation is a core mechanism of
cultural expression and adaptation. Languages
evolve through their speakers’ creative responses
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to new experiences, technologies, and social con-
figurations. When Al systems systematically sup-
press indigenous creativity while amplifying bor-
rowed forms, they may contribute to broader pro-
cesses of cultural homogenization, a dynamic that
parallels historical patterns of language endanger-
ment (Crystal, 2000).

Consider the domain of technology, where ne-
ological activity is most intense. If speakers of
low resource languages consistently encounter Al-
generated text that favors English borrowings, they
may internalize these preferences. The mT5 model,
despite covering 101 languages, demonstrates
clear performance disparities across resource lev-
els that reflect underlying training data imbalances
(Xue et al., 2021). Over generations, this could
erode the productive capacity of morphological sys-
tems that require active use to remain vital. The
result would be languages that retain their grammat-
ical structures but increasingly rely on borrowed vo-
cabulary for modern domains, a pattern historically
associated with language shift and endangerment.

10.2. Implications for Language

Documentation

For endangered and low resource languages, these
dynamics pose particular challenges. Language
documentation efforts increasingly rely on computa-
tional tools for corpus building, lexicographic work,
and language learning materials. If these tools sys-
tematically underrepresent indigenous neological
patterns, documentation may inadvertently encode
a biased snapshot of the language. Future revi-
talization efforts would then inherit these biases,
potentially perpetuating reduced lexical creativity
even in human-mediated contexts.

10.3. Toward Equity-Aware Language
Technology

Future interdisciplinary collaboration between com-
putational linguists, sociolinguists, lexicographers,
and language communities will be essential to de-
sign equity-aware systems that preserve rather
than erode global linguistic creativity. The LREC
community, with its emphasis on language re-
sources for all, is well-positioned to lead this effort.
Concrete steps include developing neology-specific
benchmarks for low resource languages, creating
curated corpora of indigenous technical terminol-
ogy, and establishing best practices for generative
provenance tracking in lexicographic workflows.

10.4. Scope and Position of This
Contribution

It is important to situate this paper clearly within the
broader research landscape. The phenomena of



data imbalance and resource asymmetry across
languages are well established in NLP (Joshi et al.,
2020; Bender et al., 2021; Navigli et al., 2023). Our
contribution does not claim novelty in identifying
these asymmetries per se. Rather, the novelty lies
in synthesizing these findings into a unified frame-
work specifically targeting lexical innovation, a do-
main where the consequences of bias have distinct
and under-explored implications for linguistic diver-
sity, language policy, and lexicographic practice.

As a position paper, this work is designed to
serve as a conceptual foundation and research
agenda. The taxonomy of bias types (Section 6),
the formalized predictions (Section 8), and the ex-
perimental protocols outlined therein are intended
to catalyze empirical investigation. We believe that
the theoretical groundwork presented here is a nec-
essary prerequisite for principled experimental de-
sign in this area, and we invite the community to
build upon it.

11. Limitations

This paper advances a theoretical and formal ar-
gument rather than presenting new empirical mea-
surements. The probabilistic formalization and the
derived hypotheses are intended as structured ex-
planatory abstractions that guide future quantitative
investigation rather than as validated models. Sys-
tematic cross-linguistic benchmarking, controlled
prompting studies, and longitudinal corpus analy-
ses will be required to validate or refine the pro-
posed claims.

All arguments are grounded in established litera-
ture on linguistic inequality, distributional modeling,
and lexical innovation. However, the paper does
not provide direct experimental evidence demon-
strating differential innovation likelihood across spe-
cific model architectures. The case studies draw
entirely on previously published empirical results
rather than new analyses, which means they il-
lustrate rather than independently confirm the pro-
posed framework. As such, the framework should
be interpreted as a structured explanatory hypothe-
sis rather than a definitive empirical conclusion.

We also make no claim of universal applicability
across every LLM architecture, training regime, or
future model generation. Differences in tokeniza-
tion strategies, multilingual balancing techniques,
or morphology-aware modeling may mitigate or ex-
acerbate the effects described here. Additionally,
the illustrative case studies focus on English-Arabic
and English-Icelandic language pairs because they
represent contrasting sociolinguistic and policy en-
vironments. Extension to other language fami-
lies, especially typologically distant or endangered
languages, may reveal additional bias patterns or
countervailing dynamics not captured in the present
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analysis.

Finally, the formalization abstracts away from
complex sociopolitical variables that shape lan-
guage use in digital environments, including state
policy, educational systems, platform moderation
practices, and economic incentives. These fac-
tors interact with model design in ways that warrant
dedicated interdisciplinary study.

12. Conclusion

Al-driven neology is shaped by structural asymme-
tries in global textual production. Through proba-
bilistic generation and reinforcement loops, LLMs
may amplify dominant-language innovation while
marginalizing indigenous lexical creativity. This
paper has formalized these dynamics through a
taxonomy of four interlocking bias types, a prob-
abilistic framework for innovation likelihood, and
three empirically testable predictions accompanied
by concrete experimental protocols. Addressing the
challenge requires sustained interdisciplinary col-
laboration and the adoption of equity-aware design
principles across the language resource pipeline.

Without deliberate intervention, generative sys-
tems risk accelerating linguistic homogenization
within digital ecosystems. We call on the LREC
community to operationalize the proposed taxon-
omy, test the derived predictions using the experi-
mental protocols outlined in this paper, and develop
concrete resources that safeguard lexical diversity
for future generations.

13. Ethical Considerations

If unexamined, high resource bias in Al-driven neol-
ogy may contribute to the reinforcement of existing
linguistic hierarchies. Amplification of dominant-
language innovation, coupled with the normaliza-
tion of borrowing patterns, can accelerate pro-
cesses of semantic convergence and marginalize
culturally embedded lexical practices. Over time,
this may contribute to diminished visibility of indige-
nous knowledge systems and reduced incentives
for community-based lexical development.

Ethical language technology development there-
fore requires structural transparency and participa-
tory governance. We advocate for full disclosure
of training data composition, including language
distribution and sources, to enable independent
auditing of cross-linguistic representation. Open,
community-governed language resources should
be prioritized to ensure that local innovation is doc-
umented and accessible for both training and eval-
uation purposes.

Moreover, researchers working on low resource
and endangered languages should be included as



equal partners in the design, evaluation, and de-
ployment of language technologies. Collaborative
models that center community expertise can help
prevent extractive data practices and ensure that
technological development aligns with local linguis-
tic priorities.

Equity-aware language modeling is not only a
technical objective but also an ethical commitment
to sustaining global linguistic diversity in increas-
ingly Al-mediated communication environments.
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Abstract
Large language models (LLMs) are increasingly used for writing assistance in small contact languages, yet it is
unclear whether they respect community norms around lexical borrowing and neology. We introduce LexNeo-Bench,
a 3,050-instance token-level benchmark derived from LuxBorrow, a large-scale Luxembourgish news corpus, where
target tokens are labelled as native or as French, German, or English borrowings. Using this benchmark, we probe
three multilingual LLMs across 34 prompt settings on two tasks: borrowing type classification and a binary lexical-
innovation proxy (borrowing versus native). Without external context, models perform only slightly above chance on
borrowing classification, so we construct a linguistic knowledge graph that encodes donor language, morphological
patterns, and lexical analogues, and inject instance-specific subgraphs into the prompt. Knowledge-graph prompts
raise borrowing classification accuracy from 25 — 35% up to 71 — 81% and largely close the gap between small
and large models, while leaving neology detection difficult and sensitive to few-shot design. Our results show that
lexicon-aware prompting is highly beneficial for robust borrowing judgments in low-resource contact languages
and that lexical resources can serve as structured context for LLM evaluation. This study was carried out within
the ENEOLI COST Action and examines borrowing as a form of lexical innovation in multilingual Luxembourgish data.

Keywords: Luxembourgish, lexical borrowing, neology, large language models, knowledge graphs

1. Introduction bourgish words or treated as errors, foreign inser-
tions, or targets for normalization back to French

Neology, the creation and diffusion of new lexi- °F German.

cal items, has long been central to lexicography, Previous work on Luxembourgish borrowing
corpus linguistics, and sociolinguistics. With the  introduced LuxBorrow (Hosseini-Kivanani and
emergence of large language models (LLMs), ne-  Philippy, 2026), a large-scale corpus of Radio
ology enters a new phase. LLMs are trained  Télévision Luxembourg (RTL) news (1999-2025)
on massive multilingual corpora, absorb existing  annotated with sentence-level language identifica-
neologisms, and can themselves generate novel  tion and token-level labels for native items, borrow-
forms, blends, and hybrid structures in response  ings from French, German, and English, and code-
to prompts. This raises questions not only about  switching. That study focused on contact linguistic
how LLMs detect and represent lexical innovation,  patterns and diachrony, showing that Luxembour-
but also about how their behavior interacts with ex-  gish remains the matrix language in news, while
isting norms and resources in individual language  lexical borrowing and code mixing are pervasive
communities (Wolfer and Klosa-Klckelhaus, 2023;  but low-intensity, with a rich inventory of morpho-
Zheng et al., 2024). logical and orthographic adaptation patterns. How-
ever, LuxBorrow did not address how contempo-
rary LLMs treat these adapted forms, nor whether
they recognize them as part of the Luxembourgish
lexicon.

For smaller languages such as Luxembourgish,
lexical innovation is tightly intertwined with con-
tact phenomena. Luxembourgish exists in a
dense contact zone with German, French, and
English. Much of its modern lexical growth is In this paper, we treat morphologically and or-
realized through borrowing and adaptation from  thographically adapted borrowings in Luxembour-
these donor languages rather than through en-  gish news as a key locus of lexical innovation and
tirely endogenous coinages (Adda-Decker et al., use LuxBorrow as ground truth to evaluate ne-
2008). In written media, especially profession-  ology awareness in multilingual LLMs. We con-
ally edited news, many emergent forms are mor-  struct a token-level classification benchmark that
phologically or orthographically integrated into Lux-  pairs Luxembourgish sentences from RTL.lu with
embourgish, while others remain closer to code-  highlighted target tokens and gold labels indicat-
switching (Lavergne et al., 2014). For down- ing whether each token is native or a borrowing,
stream Natural Language Processing (NLP) tools  and if so, from which donor language. On top of
and LLM-powered applications, it matters whether  this benchmark, we define two tasks: a borrowing
these items are recognized as legitimate Luxem-  classification task in which models choose from
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four labels (NATIVE, FR_LOAN, DE_LOAN, and
EN_LOAN as a diagnostic distractor) but are eval-
uated on three gold classes, and a binary neology
decision task.

Our study is organized around three research
questions.

* RQ1. To what extent do off-the-shelf mul-
tilingual LLMs correctly classify native Lux-
embourgish words and distinguish French-
vs German-origin adapted borrowings in RTL
news?

RQ2. Do LLMs systematically bias their judg-
ments toward dominant donor languages, es-
pecially French and German, and how often
do they incorrectly project English-origin hy-
potheses via the EN_LOAN distractor label?

RQ3. How does providing explicit lexicon-
based context, for example, a loanword reg-
istry, affect LLM performance and their treat-
ment of Luxembourgish lexical innovation?

To answer these questions, we evaluate three
strong multilingual LLMs in frozen, prompt-only
mode. We compare zero-shot prompting, few-
shot prompting with manually chosen examples of
Luxembourgish borrowings, and two knowledge-
based prompting conditions: KG_flat, which pro-
vides a global list of borrowing patterns, and
KG_graph, which injects an instance-specific lexi-
con context derived from the LuxBorrow loanword
registry.

Our contributions are threefold. First, we in-
troduce LexNeo-Bench, a token-level benchmark
for borrowing classification in Luxembourgish, de-
rived from LuxBorrow, with public scripts for extrac-
tion, prompting, and evaluation. Second, we add a
binary lexical-innovation proxy task that collapses
borrowings versus native items to probe neology
awareness, and show that it remains challenging
even for strong multilingual LLMs. Third, we show
that lightweight lexicon-based context via a linguis-
tic knowledge graph can substantially improve bor-
rowing judgments in a low-resource contact lan-
guage, which suggests concrete avenues for inte-
grating community-curated lexical resources into
LLM prompting for neology-sensitive applications.
Within the ENEOLI COST Action, this study con-
tributes to WG2 by treating borrowing in Luxem-
bourgish as a corpus-based case of lexical innova-
tion and by evaluating how multilingual LLMs ana-
lyze such forms in a low-resource contact setting.
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2. Related Work
2.1. Borrowing, code-switching, and
neology

Contact linguistics distinguishes lexical borrow-
ing, items integrated into the recipient language’s
lexicon and grammar, from code-switching, that
is, spontaneous alternation between languages
within discourse. Classic accounts emphasize
that entrenched borrowings are morphologically
and phonologically integrated, frequent, and of-
ten listed in dictionaries, while code-switches re-
tain donor language structure and remain more
speaker-specific. This view underlies the “Simple
View” of borrowing, which operationalizes the dif-
ference in terms of listedness in the mental lexi-
con and community entrenchment (Treffers-Daller,
2025; Chesley and Baayen, 2010).

In multilingual European contexts, written media
often show a stable matrix language with perva-
sive but shallow insertions from donor languages.
Borrowings can be introduced via institutional do-
mains such as politics, finance, and administration,
before diffusing into more general registers. Over
time, morphologically adapted forms may compete
with native synonyms or with less integrated loan
variants. This dynamic is particularly visible in
Luxembourgish, where French and German both
supply a rich inventory of technical and everyday
lexical items, and where orthographic and mor-
phological adaptation blur the surface boundary
between native and borrowed forms (Anastasiou,
2022; Lavergne et al., 2014; Adda-Decker et al.,
2008).

Lexicographic and corpus-based studies of ne-
ology therefore give prominence to borrowed and
adapted items when tracking lexical innovation,
especially in small languages that rely heavily
on lexical importation from regional lingua fran-
cas (Wolfer and Klosa-Kickelhaus, 2023).

2.2. Computational borrowing and
neology detection

In NLP, early work on multilingual text mix-
ing emphasized document- or utterance-level in-
dices, such as code-mixing indices and entropy-
based measures, which treat all foreign tokens
uniformly.  More recent studies move to ex-
plicit borrowing detection and distinguish unas-
similated foreign tokens, code-switches, and in-
tegrated loanwords. This line of work has intro-
duced borrowing-annotated corpora, for example
anglicism detection in Spanish newswire (Alvarez-
Mellado, 2020, 2021), and shared tasks with se-
quence tagging baselines (Mellado et al., 2021;
Alvarez-Mellado et al., 2025). Methods range from
conditional random fields and BiLSTM-CRFs to



transformer taggers that incorporate lexical and
orthographic features (Alvarez-Mellado, 2020; Al-
varez Mellado, 2020), alongside resource-lean ap-
proaches to code-switching identification that rely
mainly on word lists and monolingual corpora (Kev-
ers, 2022).

Beyond borrowing per se, neology detection
has traditionally relied on dictionary versus cor-
pus comparisons combined with temporal infor-
mation, for example, locating forms that appear
in recent corpora but are absent from older lex-
ica. With the advent of LLMs, recent work
has begun to integrate these models into ne-
ologism detection pipelines, for example using
them as filters or validators for candidate ne-
ologisms, and to provide lemmata and defini-
tions for emergent forms (Tomaszewska et al.,
2025; Hosseini-Kivanani, 2025).  Other stud-
ies highlight how LLMs can also generate non-
attested “LLM neologisms” due to tokenization
and encoding artifacts (lwamoto and Kanayama,
2024). This opens a new evaluation axis: not
just whether LLMs can help detect neology, but
whether their intrinsic lexical knowledge and bi-
ases align with community norms and lexico-
graphic resources (Tomaszewska et al., 2025;
Hosseini-Kivanani, 2025; Iwamoto and Kanayama,
2024).

2.3. LLMs, low resource languages, and
lexical inequality

Work on LLMs in low-resource languages high-
lights skewed coverage and performance gaps,
where models trained mainly on high-resource lan-
guages underrepresent or mis-analyze items from
smaller languages and can “normalize” adapted
borrowings back to donor forms. This has con-
sequences for spell-checkers, assistive writing
tools, and generation systems that interact with
speakers of contact languages. Empirical stud-
ies of Luxembourgish resources and their multilin-
gual context document sparse written production
and heavy code-mixing and adaptation pressure,
which exacerbate LLM coverage problems (Plum
et al., 2024; Lavergne et al., 2014; Adda-Decker
et al., 2008).

Lexicon-aware prompting and re-
trieval/gazetteer augmentation show that injecting
compact community resources into LLM work-
flows yields large gains on complex Named Entity
Recognition (NER) and entity-centric tasks (Tan
et al., 2023; Chen et al., 2022). This motivates
using curated loanword registries or structured
knowledge-graph hints to probe LLM judgments
about borrowed and adapted forms. Against this
background, we use a borrowing-annotated Lux-
embourgish news corpus as a neology resource
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to build LexNeo-Bench, a benchmark that probes
LLM lexical decisions in a dense contact setting.

3. Experiments

Figure 1 summarizes the overall evaluation
pipeline, from LuxBorrow-derived benchmark con-
struction and LKG retrieval to prompt assembly
and multilingual LLM evaluation.

Corpus to Benchmark Linguistic Knowledge Graph (LKG) Prompting and Evaluation

LOANWORD

PATTERN

Logorrow | & @& -
corpus @ Multilingual ke
(RTL news) ~ LLMs ero-shot
Filtering and o - e C/ -
| Few-shot
| = s
KG_flat o Gemma 3278
\ [ e et e |
Class balancing & KG prompts
D ¥
/} | POS A% NATIVE_SYN, Q
© onll
LexNeo-Bench | Evaluation metrics

Figure 1: LexNeo-Bench pipeline.

3.1. Benchmark construction

We construct LexNeo-Bench, a token-level evalu-
ation benchmark derived from the LuxBorrow cor-
pus of professionally edited Luxembourgish news.
LuxBorrow provides sentence-level language iden-
tification over RTL articles together with token-level
borrowing labels generated by a morphological
pattern pipeline. Each benchmark instance con-
sists of a Luxembourgish sentence, a highlighted
target token, its gold borrowing label, compact mor-
phological evidence, and article metadata such as
section and timestamp.

The label space follows the LuxBorrow tax-
onomy and distinguishes native Luxembourgish
items (NATIVE) from French-, German-, and
English-origin borrowings (FR_LOAN, DE_LOAN,
EN_LOAN). Tokens tagged as CODE_SWITCH
or as named entities are excluded from the main
task, since the focus is on entrenched lexical items
rather than span-level alternation. To avoid ex-
tremely sparse classes, we discard labels with
fewer than 50 instances in the source corpus.
EN_LOAN appears only 24 times and is there-
fore removed from the evaluation set, which yields
a three-way task over NATIVE, FR_LOAN, and
DE_LOAN, even though the conceptual four-way
taxonomy is kept in the prompts.

The original LuxBorrow corpus comprises
259305 RTL news articles and 43.7 million tokens.
We first remove punctuation, a curated list of
Luxembourgish function words, and tokens with
low-confidence automatic labels. From the remain-
ing pool, we draw 1000 instances per active class,



which results in a balanced benchmark of 3000
examples, and we add a small diagnostic stratum
of 50 CODE_SWITCH tokens for error analysis.
The final benchmark therefore contains 3050
instances: NATIVE = 1000, FR_LOAN = 1000,
DE_LOAN = 1000, and CODE_SWITCH = 50.

Each instance inherits the publication date of
its source article (1999-2025), providing a di-
achronic signal. As a proxy for entrenchment,
we contrast tokens from articles published before
2015 with those after 2015. This split is not first-
attestation dating, but leverages a 25-year profes-
sionally edited news record. The borrowing labels
serve as the primary gold standard for both tasks.
For the auxiliary neology decision task, we derive
a binary label at prompt construction time by map-
ping tokens annotated as FR_LOAN, DE_LOAN, Or
EN_LOAN to YES (lexical innovation) and NATIVE
tokens to NO. The recent versus established flag is
used only for temporal robustness analysis.

For prompt types that embed full lexicon en-
tries, we restrict ourselves to a reduced subset
of 674 benchmark items for which dictionary def-
initions, etymology, and related lexical informa-
tion are available in a consistent format from the
Létzebuerger Online Dictionnaire (LOD) (Zenter fir
d’'Létzebuerger Sprooch, 2025). This avoids noisy
or incomplete context in lexicon-assisted condi-
tions.

3.2. Linguistic Knowledge Graph

To provide models with structured linguistic con-
text, we construct a Linguistic Knowledge Graph
(LKG) that integrates three LuxBorrow-related re-
sources: a compiled index of productive morpho-
logical patterns, a loanword lexicon extracted from
LOD, and a hand-curated table of loanword—native
synonym pairs.

Nodes are typed as morphological patterns
(PATTERN), donor languages (LANG), loanword
entries (LOANWORD), native Luxembourgish syn-
onyms (NATIVE_SYN), and part-of-speech tags
(POS). Edges encode linguistic relations such as
pattern membership (follows_pattern), donor ori-
gin (from_donor), synonymy (has_synonym), com-
petition between patterns with the same Luxem-
bourgish affix but different donor languages (con-
trastive), and lexical category (has_pos).

For each benchmark instance, we perform
multi-hop retrieval on this graph to construct
a compact, token-specific explanation sub-
graph. Starting from the target token, we match
compatible LuxBorrow patterns, query LOD
to obtain donor metadata, and reconstruct an
etymology-style chain of the form donor form —
adaptation pattern — Luxembourgish form, col-
lect linked native synonyms, and sample a small
set of analogues that share a pattern, plus a few
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contrastive patterns with the same affix but differ-
ent donor languages. The retrieved subgraph is
then linearized into a structured natural-language
block of at most 30 lines and prepended to the
model prompt. This instance-specific KG_graph
context replaces a much coarser KG_flat baseline
in which the same global list of 19 patterns is
appended to every example independently of the
target token.

3.3. Prompt setups

All prompts share a common two-role template.
The system message defines a Luxembourgish lin-
guistics expert persona, and the user message
concatenates optional knowledge-graph context,
the task instruction, and the Luxembourgish sen-
tence with the target token marked by **. The
user message then introduces any external con-
text, followed by a concise instruction to assign ex-
actly one label to the highlighted token and the sen-
tence in which it appears.

We evaluate a family of prompt strategies for
both borrowing classification and neology detec-
tion. In all cases, the model receives a short
English instruction, the Luxembourgish sentence,
and the target token marked with **. For the
classification task, the model must output ex-
actly one label from the conceptual four-way
set {NATIVE,FR_LOAN,DE_LOAN, EN_LOAN}. Al-
though EN_1.0AN does not appear in the evaluation
data, we keep it as a possible answer to capture
uncertainty toward English-origin candidates. For
the neology task, the model must answer YES if
the token should be treated as a lexical innovation
in Luxembourgish, and NO otherwise.

The base prompt strategies include a plain
zero_shot condition (system role plus task de-
scription, no additional context), a few_shot vari-
ant with five manually authored demonstrations,
and a minimal variant that reduces the instruc-
tion to a single line and enforces label-only output.
The five demonstrations do not overlap with the
3050 benchmark instances. They consist of two
prototypical FR_LOAN examples and one example
each for DE_LOAN, EN_LOAN, and NATIVE. Each
demonstration pairs a short Luxembourgish sen-
tence with its gold label and a brief linguistically
motivated justification.

An excerpt of the few-shot prompts is shown in
Listing 1.

Listing 1: Excerpt of few-shot prompts for borrow-
ing classification and neology decision.

System:
You are a linguistic expert specializing in
Luxembourgish
(Létzebuergesch) . Luxembourgish is a West
Germanic language spoken
in Luxembourg that regularly borrows and
morphologically adapts



words from French, German, and English.

User (classification task):
Given the following Luxembourgish sentence and
the highlighted
word (marked with ** **x),
highlighted word is:
— NATIVE: a native Luxembourgish word
- FR_LOAN: a borrowing from French (
morphologically adapted
into Luxembourgish)
— DE_LOAN: a borrowing from German (
morphologically adapted
into Luxembourgish)
- EN_LOAN: a borrowing from English (
morphologically adapted
into Luxembourgish)
Respond with ONLY the label on the first line and
a one-sentence
justification on the second line.

decide whether the

Example:
Sentence: D'**Pompjeeén** hunn de Brand
schnell énnert
Kontroll bruecht.
Assistant: FR_LOAN
Justification: 'Pompjeeén'
'pompier’
adapted with the Luxembourgish plural suffix
"-en" and
spelling

derives from French

"ee" for /e:/.

User (neology task):

Given the following Luxembourgish sentence and
the highlighted

word, decide whether this token should be
treated as a lexical

innovation in Luxembourgish.

Answer YES or NO, followed by one sentence of
explanation.

Sentence: [Luxembourgish sentence containing **
TOKEN**] .

Knowledge-augmented prompts add morpho-
logical information derived from LuxBorrow and
LOD. In the KG-flat conditions, the user mes-
sage begins with a preamble “According fo the
LOD, the following morphological adaptation pat-
terns are productive in Luxembourgish:”, followed
by up to twenty globally fixed pattern entries. Each
entry lists a pattern name, its type (morphological,
orthographic, or lexical), the donor language, and
up to three example pairs, for example “éiere —
er, type. morph, donor. FR, e.g. abordéieren «+
aborder”. This global pattern block is identical in
KG-flat and is appended to every instance, which
contrasts with KG—graph, where the context is an
instance-specific LKG subgraph as described in
Section 3.2.

To quantify the contribution of individual LKG
components, we define six ablation variants that
selectively remove lexicon attestation, etymology
chains, synonym links, analogical examples, or
contrastive patterns, as well as a 1ex—only con-
dition that keeps only dictionary-style information
without graph structure. Together, the eleven base
strategies and six ablations define 17 prompt se-
tups per task. Applied to both borrowing classifi-
cation and neology detection, this yields 34 task-
specific evaluation settings per model.
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3.4. Models

All experiments are conducted with instruction-
tuned, general-purpose LLMs accessed through
an OpenAl-compatible endpoint (OpenRouter
APIl). We deliberately treat the models as frozen
black boxes and rely exclusively on prompting; no
fine-tuning is performed.

We consider three model sizes: Gemma 3 12B
(google/gemma-3-12b-it) as a small model,
Gemma 3 27B (google/gemma-3-27b-it) as
a medium model, and Llama 3.3 70B Instruct
(meta-llama/llama-3.3-70b-instruct) as
a large model. All runs use a temperature of 0.0
and a maximum output length of 1,024 tokens to
enforce deterministic, label-complete responses.
Combining three models with 34 prompt configura-
tions yields 102 evaluation settings, each applied
to the full LexNeo-Bench of 3 050 instances.

3.5. Evaluation protocol

Model outputs often contain explanations or for-
matting artifacts, so we post-process responses
to recover a single canonical label per instance.
We strip explicit reasoning blocks (for example
between <think> and </think>), then exam-
ine the first and last non-empty lines and map
them to one of the allowed labels using a small
normalization dictionary (for example, FRENCH,
FR, OFr FR_loanword all map to FR_LOAN, while
LUXEMBOURGISH or LB map to NATIVE). Out-
puts that cannot be unambiguously resolved are
marked as PARSE_ERROR and omitted from metric
computation; we report their frequency separately.

For the borrowing classification task, we re-
port accuracy, balanced accuracy, macro- and
weighted-F1 over the active classes, as well as per-
class precision, recall, F1, and confusion matrices.
In addition, we analyze two derived sub-tasks: a
binary native versus borrowed decision (collaps-
ing FR_LOAN and DE_LOAN) and donor-only dis-
crimination between FR_1LOAN and DE_LOAN. For
the neology task, we treat YES as the positive
label and report accuracy, precision, recall, and
F1, with additional breakdowns by donor language.
The gold label is derived directly from the pri-
mary LuxBorrow borrowing annotation: tokens an-
notated as FR_LOAN, DE_LOAN, Or EN_LOAN are
mapped to YES (lexical innovation), and NATIVE
tokens to NO (see Section 3.1). All metrics are com-
puted on the same fixed test set.

Temporal robustness is assessed by comparing
accuracies on established versus recent items and
reporting the absolute gap. Finally, the evaluation
pipeline supports resumable execution. Prediction
files are incrementally extended when experiments
are restarted, which makes large grids of runs ro-
bust to interruptions without recomputation.



4. Results

4.1. RQ1. Borrowing classification
performance

Table 1 summarizes three-way borrowing classifi-
cation accuracy and macro F1 across models and
prompt strategies. Without a structured linguis-
tic context, performance remains modest. In the
zero-shot baseline, accuracy ranges from 24.5%
for Gemma 3 12B to 34.7% for Llama 3.3 70B,
and more elaborate non-KG prompts, such as Few-
shot, remain below 42% across all models.

Since models choose from four output labels, a
random baseline yields 25% accuracy; zero-shot
performance ranges from 24.5% to 34.7%, indi-
cating that parametric knowledge alone barely ex-
ceeds chance.

Introducing a structured linguistic context via the
KG-graph condition changes this picture sharply.
With KG-graph, accuracy rises to 81.0% for
Gemma 3 12B, 71.4% for Gemma 3 27B, and
71.3% for Llama 3.3 70B, and macro F1 ex-
ceeds 0.55 for all models, peaking at 0.634
for Gemma 3 12B. The simpler KG-flat variant,
which exposes only a global list of morpholog-
ical patterns, does not close this gap and be-
haves similarly to non-KG baselines. The improve-
ment, therefore, stems from instance-specific re-
trieval rather than merely reminding the model
that borrowing patterns exist. Taken together,
these results answer RQ1 by showing that struc-
tured, token-level linguistic context is necessary to
achieve robust borrowing classification in Luxem-
bourgish.

Table 1: Acc. and macro F1 (in %), and KG gain
Axg (percentage points), defined as the accuracy
difference between KG-graph and zero-shot.

Model Prompt Acc.(%) Macro F1 Akag
Gemma 3 12B Zero-shot 24.5 22.3
Few-shot 38.3 30.3
KG-flat 30.3 26.2

KG-graph 81.0 63.4 +56.5
Gemma 3 27B Zero-shot 31.4 19.7
Few-shot 38.0 29.8
KG-flat 33.7 22.6

KG-graph 71.4 55.9 +40.1
Llama 3.3 70B Zero-shot 34.7 27.9
ew-shot 38.0 29.0
KG-flat 36.3 27.9

KG-graph 713 55.7 +36.6

4.2. RQ2. Per class performance and
donor bias

To understand where the gains from KG-graph
conditioning arise, Figure 2(A) reports per class
F1 under the KG-graph prompt. All three mod-
els achieve strong F1 scores for French and Ger-
man borrowings. Gemma 3 12B reaches 0.920

for FR_LOAN (French borrowing) and 0.840 for
DE_LOAN (German borrowing); Gemma 3 27B
reaches 0.880 and 0.750 respectively, and
Llama 3.3 70B scores 0.921 and 0.791. Per-
formance on NATIVE items is more variable.
Gemma 3 12B maintains a solid 0.777 F1,
whereas Llama 3.3 70B drops to 0.515, suggest-
ing that the larger model overfits to donor cues and
sometimes over-predicts borrowing for genuinely
native words.

Confusion patterns show a marked donor
asymmetry. In Figure 2(b), the dominant
error is French-origin items misclassified as
German-origin (FR_LOAN—DE_LOAN: 18,142
cases across all model and prompt combinations),
which is 4.6 x more frequent than the reverse direc-
tion (DE_LOAN—FR_LOAN: 3,946). Native Lux-
embourgish items are also misattributed to Ger-
man borrowings (20,662) substantially more often
than to French borrowings (5,944), indicating an
overall tendency to overpredict DE_LOAN. This
pattern is consistent with potential lexical/ortho-
graphic overlap between French- and German-
origin forms in Luxembourgish, although other fac-
tors (e.g., class priors or KG coverage) may also
contribute. Overall, these results support RQ2:
while KG-graph improves borrowing recognition,
donor identification remains skewed toward Ger-
man across model and prompt settings.

EN_LOAN as a distractor label. Although
EN_LOAN is absent from the evaluation set (only
24 source instances, below the 50-instance thresh-
old), we retain it as a valid output label to probe
whether models project English-origin hypotheses
onto tokens that are in fact native or borrowed from
French or German. Table 2 reports how often each
model predicts EN_LOAN and which true class ab-
sorbs those false positives.

Table 2: EN_LOAN false-positive analysis. ENpreq
is the total number of EN_LOAN predictions;
columns show the true-class breakdown of those
predictions. Rate is the proportion of all valid pre-
dictions assigned to EN_LOAN.

Model Prompt ENgres —NAT —FR —DE Rate
Gemma 12B  Zero-shot 1001 392 196 387 32.8%
Few-shot 238 103 29 97  7.8%
KG-flat 627 254 80 275 20.6%
KG-graph 128 107 5 12 4.2%
Gemma 27B  Zero-shot 312 130 47 129 10.2%
Few-shot 212 96 23 89 7.0%
KG-flat 299 125 31 136  9.8%
KG-graph 167 128 6 28 55%
Llama 70B Zero-shot 363 196 37 125 12.0%
Few-shot 91 38 6 43  3.0%
KG-flat 87 32 7 45 2.9%
KG-graph 264 222 7 32 87%

Two patterns stand out. First, without structured
context, models frequently over-predict EN_LOAN:
Gemma 12B assigns it to nearly a third of all
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tokens under zero-shot prompting. KG-graph
prompting reduces the EN_LOAN rate by 78—
87% for the Gemma models (from 32.8% to 4.2%
for Gemma 12B, and from 10.2% to 5.5% for
Gemma 27B), confirming that structured linguis-
tic context suppresses spurious English-origin hy-
potheses. Second, across all models and prompt
conditions, the majority of false EN_LOAN pre-
dictions fall on genuinely NATIVE tokens rather
than on French or German borrowings. Under
KG-graph, this concentration intensifies: 84% of
Gemma 12B’s and 77% of Gemma 27B’s residual
EN_LOAN predictions fall on NATIVE tokens. This
suggests that when models lack donor-specific evi-
dence, they default to an English-origin hypothesis
for unfamiliar Luxembourgish words, a bias consis-
tent with English’s dominance in multilingual pre-
training corpora.

Retaining EN_LOAN as a distractor label there-
fore serves a diagnostic purpose: it exposes this
bias and provides a measurable signal of how ef-
fectively structured context can counteract it.

4.3. RQ3. Ablating KG components

Figure 3 shows the effect of removing individ-
ual components from the KG-graph prompt.
The full KG-graph condition reaches 81.0%,
71.4%, and 71.3% accuracy for the three
models (Gemma 3 12B, Gemma 3 27B, and
Llama 3.3 70B). Removing etymological informa-
tion (No Etymology) reduces accuracy to 78.9%
for Gemma 3 12B, 58.4% for Gemma 3 27B, and
69.2% for Llama 3.3 70B. Dropping analogical
examples (No Analogues) has a similarly strong
impact, especially on the 27B model, where
accuracy decreases by roughly 13 percentage
points.

By contrast, removing synonym links or con-
trastive patterns changes performance only
marginally, within +0.3 points of the full KG-graph
condition. A Lexicon-only variant that keeps dictio-
nary entries but discards graph structure clearly
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outperforms non-KG baselines, yet remains 6—19
points behind the full graph, which suggests that
donor chains and pattern-sharing analogues carry
most of the useful signal, while long definitions
may introduce noise. In some settings, accuracy
even improves slightly when the lexicon text is re-
moved, but the graph structure is kept, reinforcing
that relational structure is more valuable than raw
definitional prose.

Table 1: KG Component Ablation — Accuracy by Condition
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Figure 3: Impact of KG components on borrowing
accuracy by model and KG-graph ablation condi-
tion.

4.4. Model scale and benefit from KG

Table 1 compares zero-shot and KG-graph accu-
racy by model size. Zero-shot accuracy grows
modestly with scale, from 24.5% for Gemma 3 12B
to 34.7% for Llama 3.3 70B, but under KG-graph
the ranking inverts: Gemma 3 12B reaches 81.0%,
while Gemma 3 27B and Llama 3.3 70B plateau
at 71.4% and 71.3%, respectively. The KG gain
Akg, defined as the accuracy difference between
KG-graph and zero-shot, decreases monotonically
with model size: +56.5, +40.1, and +36.6 percent-
age points. A supplementary log-scale visualiza-
tion of this trend is provided in Appendix 4.

The reversal is KG-specific. Gemma 12B does
not generally outperform Gemma 27B. Under
zero-shot (31.4% vs. 24.5%), few-shot (38.0%
vs. 38.3%, essentially tied), and KG-flat (33.7%
vs. 30.3%), Gemma 27B matches or exceeds



Gemma 12B. The reversal occurs exclusively un-
der KG-graph (+9.5 pp in favor of 12B), ruling out
a general quality advantage of the smaller model
and localizing the effect to how each model utilizes
instance-specific structured context.

Mechanism: NATIVE over-prediction by larger
models. Under KG-graph, all models achieve
high recall on FR_LOAN (>0.860) and DE_LOAN
(>0.961), but NATIVE recall drops sharply with
scale: 0.639 (12B), 0.447 (27B), 0.349 (70B). Pre-
cision on NATIVE remains above 0.94 for all mod-
els, so larger models predict NATIVE correctly
when they do—but they predict it far too rarely,
over-attributing borrowing status to native words.
KG ablations confirm this asymmetry: removing et-
ymology or analogues costs Gemma 27B ~13 pp
but Gemma 12B only ~2 pp, showing that the
larger model falls back on parametric borrowing
priors when graph evidence is incomplete.

This pattern is consistent with findings on
parametric—contextual knowledge conflicts (Long-
pre et al.,, 2021; Xie et al.): larger models de-
velop stronger internal representations of French
and German items during pre-training, which com-
pete with KG-supplied evidence and lead to over-
attribution of donor origins. The smaller model,
lacking such entrenched priors, defers more faith-
fully to the structured context.

In this analysis, we use publication dates as
a diachronic proxy to contrast more established
items with more recent adaptations (pre-2015 vs.
post-2015). The graph encodes structural origin
information (donor language, morphological pat-
terns, analogues) but not explicit recency cues
such as frequency trajectories or first-attestation
dates. Under this temporal split (see Supplemen-
tary), KG-graph is the most temporally robust con-
dition, with recent vs. established gaps of only 0.7-
2.8 pp.

Under the KG-graph condition, Gemma 3 12B
achieves 81.4% accuracy for established items
and 80.7% for recent ones; Gemma 3 27B
achieves 73.1% and 70.3%; Llama 3.3 70B
reaches 72.4% and 70.6%. These results indicate
that the graph captures structural regularities that
transfer to more recent lexical items, even if such
items are under-represented or missing in the mod-
els’ pre-training data. Among all prompt strategies,
KG-graph is the least affected by recency, suggest-
ing that structured linguistic context can partially
compensate for gaps in parametric training data;
a full breakdown by model and prompt is provided
in the supplementary material.
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4.5. Neology detection

The neology decision task, which collapses all bor-
rowings into a single lexical-innovation class ver-
sus native items, behaves very differently from
borrowing classification. Table 3 reports accu-
racy and F'1,¢, for the “neologism” class by model
and prompt strategy. Here, few-shot prompt-
ing is consistently the most effective strategy.
Gemma 3 12B reaches 48.5% accuracy and
Flheo = 0.509, Gemma 3 27B reaches 49.2% and
0.524, and Llama 3.3 70B achieves 40.8% and
0.254. In contrast, the KG-graph condition sub-
stantially degrades performance. Accuracy falls
to 34.2%, 30.3%, and 30.5% for the three models,
and F'l,e for Llama 3.3 70B drops close to zero.

This divergence is in line with how the linguis-
tic knowledge graph is constructed. The graph en-
codes origin and structural information (donor lan-
guage, morphological pattern, analogues, native
synonyms), which are exactly the cues needed for
borrowing classification, but largely orthogonal to
recency. Deciding whether a word counts as a lex-
ical innovation requires diachronic evidence, such
as frequency trajectories, first attestation dates, or
domain-specific usage shifts, none of which are
currently exposed in the graph. As a result, the
additional context encourages models to reason
about where a word comes from rather than when
it entered the language, which can mislead them
in borderline cases.

Table 3: Neology decision performance by model
and prompt. Accuracy and F'l,e, for the “neolo-

gism” class.
Model Prompt Acc. (%) F'lneo
Gemma 3 12B Zero-shot 41.2 0.308
Few-shot 48.5 0.509
KG-graph 34.2 0.042
Gemma 3 27B Zero-shot 45.6 0.429
Few-shot 49.2 0.524
KG-graph 30.3 0.064
Llama 3.3 70B Zero-shot 36.7 0.127
Few-shot 40.8 0.254
KG-graph 30.5 0.012

4.6. Binary native versus borrowed

Finally, we collapse the four-class label space into
a binary decision and ask models to distinguish
native Luxembourgish words from any type of bor-
rowing. Under the KG-graph condition, all models
reach high performance. Gemma 3 12B attains
85.5% accuracy and F'1 = 0.902, Gemma 3 27B
reaches 78.9% and 0.862, and Llama 3.3 70B
reaches 75.5% and 0.845.

The contrast between the binary decision and
the donor-specific four-way task suggests that the
main residual difficulty lies in separating French
from German borrowings, rather than in detecting



whether a token is lexically integrated at all. In
other words, once the knowledge graph is avail-
able, knowing that a word is a borrowing is com-
paratively easy, while pinpointing the correct donor
in a dense Luxembourgish, French, and German
contact zone remains challenging. Detailed binary
results for all prompt strategies are reported in the
supplementary material.

5. Discussion

Our results show that off-the-shelf multilingual
LLMs have limited awareness of how a small
contact language integrates lexical borrowings,
even when trained on large multilingual corpora.
With four possible output labels, a random base-
line yields 25% accuracy; zero-shot performance
ranges from 24.5% to 34.7%, indicating that para-
metric knowledge alone barely exceeds chance.
This observation aligns with work in contact lin-
guistics and neology that emphasizes community
entrenchment, dictionary listedness, and usage
patterns over purely formal cues (Treffers-Daller,
2025; Chesley and Baayen, 2010; Wolfer and
Klosa-Kickelhaus, 2023). The models do not
spontaneously replicate the “Simple View” of bor-
rowing as operationalized in lexicographic and cor-
pus studies.

LexNeo-Bench complements earlier borrowing
and anglicism corpora in Spanish and other lan-
guages (Alvarez-Mellado, 2020, 2021; Mellado
et al., 2021; Alvarez-Mellado et al., 2025; Al-
varez Mellado, 2020; Kevers, 2022) by expos-
ing LLMs to a dense Luxembourgish, French,
and German contact zone where orthographic
and morphological integration is pervasive (Adda-
Decker et al., 2008; Lavergne et al., 2014; Anas-
tasiou, 2022). The strong gains from structured
knowledge-graph prompting suggest that models
can make fine-grained borrowing decisions once
they are supplied with token-specific morphologi-
cal patterns, donor labels, and analogical exam-
ples. This mirrors gains observed when inject-
ing gazetteers and knowledge bases into NER
and entity-centric tasks (Tan et al., 2023; Chen
et al., 2022) and supports the view that community
lexical resources remain crucial even in the LLM
era (Tomaszewska et al., 2025; Hosseini-Kivanani,
2025).

At the same time, our neology decision re-
sults highlight that structural donor information
alone does not solve diachronic questions. LLMs
perform best with few-shot prompting that clari-
fies the task mapping (borrowings count as lexi-
cal innovations), while knowledge-graph prompts,
which were designed for borrowing classification,
can even harm performance. This gap reflects
broader findings on LLM-based neology detection
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and “LLM neologisms” that arise from tokenization
and encoding artifacts rather than organic commu-
nity usage (lwamoto and Kanayama, 2024; Zheng
et al.,, 2024). For small languages with sparse writ-
ten production and heavy code mixing (Plum et al.,
2024; Adda-Decker et al., 2008), separating gen-
uine innovations from long-standing borrowings re-
mains challenging without explicit temporal signals
or external diachronic corpora.

Our study has several limitations: First, LexNeo-
Bench is derived from a single edited news source,
so it under-represents informal registers and spo-
ken discourse. Second, borrowing labels rely on
an automatic pattern pipeline and dictionary sig-
nals, which may misclassify borderline items or
miss emerging forms in under-documented do-
mains. Third, we evaluate only three instruction-
tuned models with frozen prompts, so conclusions
about model scale and architecture should be
treated as tentative. Finally, the benchmark fo-
cuses on token-level decisions and does not di-
rectly measure how LLMs handle borrowing in gen-
eration, for example, in spelling correction or style
transfer. Addressing these limitations will require
extending the benchmark to other genres, adding
human validation for difficult cases, and coupling
classification with controlled generation tasks.

6. Conclusion and Future Work

We introduced LexNeo-Bench, a token-level
benchmark derived from a borrowing-annotated
Luxembourgish news corpus to probe how mul-
tilingual LLMs treat morphologically adapted bor-
rowings. Across three models and 34 prompt con-
figurations, zero-shot parametric knowledge stays
near chance, whereas instance-specific linguistic
knowledge graphs raise borrowing classification
accuracy to about 71-81% and substantially im-
prove binary native versus borrowed decisions,
with the largest gains for the smallest model. This
shows that structured lexical context can partly
compensate for sparse pretraining in low-resource
contact languages, while neology decisions re-
main difficult and are best supported by few-shot
prompting in our experiments because recency is
not encoded in the current graph. Future work
will add explicit diachronic signals, extend LexNeo-
Bench beyond edited news and Luxembourgish,
and link token-level evaluation to downstream writ-
ing assistance to quantify the user-facing impact of
borrowing misclassifications.
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Intended use and potential impact. LexNeo-
Bench reflects the editorial practices and topic mix
of a single news provider and should not be treated
as representative of all Luxembourgish language
use. The benchmark and LKG are intended as
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11. Appendices

11.1. Supplementary visualization of KG
gain

KG gain is defined as the accuracy difference be-
tween KG-graph and zero-shot prompting. The
gain decreases monotonically with scale, from
+56.5 percentage points for Gemma 3 12B
to +40.1 for Gemma 3 27B and +36.6 for
Llama 3.3 70B.
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Abstract

Lexical innovation refers to the process of creating new lexical items, enabling languages to adapt to evolving socio-
cultural and material realities. The domains of business, economics, and finance are among the most productive
ones of lexical innovation. The present research study lies at the intersection of lexical innovation, idiomaticity, and
large language model (henceforth, LLM) research and investigates lexical productivity, semantic shift, and
globalisation (Anglocentric changes) in business-related colour idioms by comparing human translation and
annotation with the output of LLMs. The current experiment involves an initial study carried out for five languages:
English (the pivotal one), Albanian (AL), Hebrew (HE), Hungarian (HU), Lithuanian (LT), and Standard European
Portuguese (PT). The research results reveal that LLMs show high mutual agreement, but the agreement with
humans is lower. The internal consistency of LLMs reflects shared Anglocentric metaphor encoding rather than
convergence toward human idiomatic usage. It demonstrates that human expertise remains essential for high-
quality idiomatic translation, particularly for culture-specific expressions.

Keywords: lexical innovation, LLMs, idioms

The contexts like business, finances, and
1. Related Research economics are considered among the most
productive of lexical innovation, leading to the
introduction of new technical words (Llopis and
Sanchez-Lafuente, 2012). The authors observe
that lexical innovation in the field is mostly related
to the English language, which has an impactful
influence as a lingua franca and also introduces
the main lexical innovations in the different fields
of science, technology, and the world of business
and finance. It is related to the dynamism of the
business area, which traditionally introduces new
forms of investment and innovative financial
mechanisms in the major world financial hubs,
accumulating wealth and implementing cutting-
edge ways to make money. Economic and capital
diversification processes lead to the need for
lexical innovation to define new business
practices. In short, lexical innovation in the field of
business comprises both the introduction of new
terms and the adaptation of existing ones to
innovative business and social contexts.

Lexical innovation is a process of creation or
adaptation of words or terms that allows
languages to adapt to constantly changing
technological and scientific contexts, as well as to
the global influence of the multiplicity of cultural
and social contexts. The lexical innovation
process involves the introduction of new words
and meanings into the lexicon of a language and
promotes linguistic evolution, allowing languages
to dynamically adapt to changes by introducing
new concepts representing new technologies and
integrating social and cultural shifts (Armstrong,
2016). Frequently, lexical innovation is related to
the emerging new technological domains and
developing technical domains that are
characteristic of the emergence of new concepts,
which demand precise designators. However,
lexical innovations are also inherent in informal
and literary language. Grieve et al. (2018)
distinguish three main types of lexical innovations:
formal neologisms, which comprise completely  Neology detection studies are closely related to
new words in the language; neo-semantic  the domain of semantic change, which has
innovations, which make the process of new  recently been researched through computational
meanings assigned to existing words; and  approaches. Traditionally, neology detection
borrowings and calques, which are imported units involves  corpus-based frequency analysis,
from other languages or morphological |exicon comparison, and rule-based
translations. morphological processing (Kerremans & Prokic,

2018). Tahmasebi and Borin (2018) discuss
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computational techniques to tackle lexical
semantic change by providing the semantic
change types from the computational perspective,
including lexical replacement, named entity
change, role changes, and temporal changes.
The authors discuss distributional and
embedding-based methods to identify semantic
change by applying semantic vectors, topic
distributions, and contextualized neural
embeddings.

2. Research Experiment and
Methodology

The current study involves an experiment carried
out for five languages: English (the pivotal one),
Albanian (AL), Hebrew (HE), Hungarian (HU),
Lithuanian (LT), and Standard European
Portuguese (PT) (following the Portuguese
Language Orthographic Agreement of 1990 -
CPLP, 1990), aligning idiomatic business and
finance terms and multiword expressions related
to black colour. Colour idioms were chosen to be
the subject of the study because colour terms
particularly enable fast lexical innovation as they
are cognitively salient and culturally shared.
Colour idioms in business often emerge from
socio-economic, political, and technological
change or regulation (Prusak and ValGnaité-
OleSkeviciene, 2024; Malyuga and Aleksandrova,
2020), and they undergo semantic shift or domain
re-specialisation (Alousque, 2011)—e.g., the
meaning of the idiom "black swan" shifted from
“rare-event theory” to “business risk." For these
reasons, they are excellent targets for testing the
management of idiomatic lexical innovations by
large language models (LLMs).

First, data was collected. English colour idioms
with black were selected using term bases and
dictionaries, such as the Financial Times Lexicon
and the Investopedia dictionary, among others.
(For further references, see section 9. Language
Resource References). The English colour idioms
were saved in a shared spreadsheet and were
manually complemented with their (most
commonly used) counterparts in five languages
by native speakers (of Albanian, Hebrew,
Hungarian, Lithuanian, and Standard European
Portuguese). As a consequence, a multilingual
language resource of business colour idioms was
created, which provided the human baseline in
our research.

In the subsequent stage of the experiment, LLM-
based generative Al chatbots were prompted to
give the equivalents of the selected English
idioms in the five languages under scrutiny. Three
advanced LLMs (Claude 4.5 Sonnet, Gemini Pro,
and GPT-5.2 Auto') were used in the experiment

1 Claude 4.5 Sonnet was released in September, 2025,
and it is advertised as the strongest model for building
complex agents, with a very high level of reasoning.
Similarly, Gemini 3 Pro was released in November
2025, described by Google as its most intelligent Al
model yet, featuring enhanced reasoning and coding

to investigate their effectiveness and accuracy in
multilingual term search in the context of business
and finance.

The following prompt was given to each LLM:
“Provide the equivalents of the English idiomatic
expressions in LT, HU, HE, AL, and PT, and
provide each of their direct, literal translations to
English in the given table. Provide one equivalent
for each idiom in each language (and one literal
translation to English). Provide it in a
downloadable, editable Excel file.” The English
idioms were attached in a table format (without
equivalents in other languages). Model responses
were elicited via API calls, using the default
decoding parameters of the models. The files
generated in reply included the English idiom
(original), LT equivalent and its literal translation
to English; HU equivalent and its literal translation
to English; HE equivalent and its literal translation
to English; AL equivalent and its literal translation
to English; and PT equivalent and its literal
translation to English. Afterwards, the resulting
three files were merged into a single master
spreadsheet, where the columns were grouped by
language so that GPT, Gemini, and Claude
outputs could be read side-by-side for every
language. Ultimately, a heatmap of consensus
was generated by Claude that visualises the level
of agreement (full, partial, no agreement) between
the three LLMs (GPT, Gemini, and Claude) for
(the equivalents of) each idiom across all five
languages.

In the closing, interpretive phase, the output of the
models was compared to human annotation, and
the comparative evaluation of the outputs of the
three models was performed by the authors on
the task of providing equivalents of business
idioms in several languages. It poses a great
challenge for evaluation that there is no
universally accepted framework to evaluate large
language models.

3. Research Questions

3.1. Do LLMs provide the same equivalents as
native speakers?

3.2. How do LLMs absorb, generate, and
disseminate new lexical items? Do LLMs tend to
keep the English term or translate it? (loanwords
vs. translations; globalisation vs. localisation)

3.3. Which LLM provides the most colloquial
equivalents and prefers loanwords?

3.4. Which LLM tends to translate the terms?

3.5. Are recent innovative colour idioms (such as
Black Friday) more globalised (i.e., more direct
loans from English) than older, traditional colour

capabilities. The third model under evaluation,
GPT-5.2, was released in December, 2025, and brings
adaptive reasoning into everyday use by solving harder
work tasks more effectively and with more polish,
particularly in spreadsheet formatting.



idioms that are rooted in universal concepts (such
as black hole)?

3.6. Do LLMs reinforce Anglocentric colour
metaphors and lead to cultural imperialism across
languages?

The biases and uneven coverage by LLMs may
privilege neologisms in high-resource languages
while under-representing or distorting innovation
in smaller linguistic communities (Gallegos et al.
2024).

3.7. Does any model invent
(hallucination) that does not exist?

a phrase

In fact, LLMs not only absorb neologisms from
their training data but also have the capacity to
generate novel lexical items, metaphors, or hybrid
forms in response to prompts (lwamoto and
Kanayama, 2024). When LLMs produce
unattested lexical items, the question is under
what conditions can these be classified as errors,
creative neologisms, or emergent lexical
proposals?

3.8. Are the LLMs consistent in terms of
grammatical accuracy (definiteness of nouns,
definite articles, capitalization)? Which LLM is the
most consistent and grammatically rigid?

4. Research Results

When reviewing the multilingual side-by-side data
in the master spreadsheet, several interesting
patterns were identified that highlight the different
features of the models and may distinguish them
in terms of rendering business colour idioms
across languages.

4.1. Globalisation vs. localisation
(Loanword vs. translation)

The idiom “Black Friday” is one of the clearest
differentiators among the different models.

Both GPT and Gemini showed a tendency to keep
"Black Friday" as a loanword - e.g., in Portuguese
(Black Friday), which reflects current colour idiom
usage where the English term is dominant.

In contrast, Claude suggested the translation of
“Sexta-feira Negra” in Portuguese. While literally
correct, it relates to a disastrous day and not to
the big shopping discounts day after Thanksgiving
Day, suggesting Claude might prioritise linguistic
purity over cultural usage.

In Hebrew, GPT used the transliteration ( px7a
79 - "Black Friday"), while Gemini and Claude
used the translation (hinwn 'w'w or - “The Black
Friday”).

LLMs often opted for literal translations—e.g.,
Gemini provided very precise literal translations in
Hebrew, such as ftranslating “squeezing” for
“blackmail”. Similarly, GPT often defaulted to
repeating the English idiom in the Literal
Translation column—e.g., translating the literal
meaning of Black Friday just as "Black Friday."
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4.2. Grammatical nuance (definiteness,
capitalisation, and case)

Gemini consistently used the definite form for
days in Albanian (e.g., “E Premtja e Zezé"—"The
Black Friday"). However, GPT and Claude
sometimes toggled between definite and
indefinite (“e premtja” vs. “e premté”), or varied
capitalisation in Albanian (“E Premtja” vs.
“Premte”) and similarly Lithuanian. The research
reveals Gemini's notable consistency.

As for “black box," GPT correctly employed
hyphenation in the Portuguese translation "caixa-
preta," whereas Claude and Gemini produced a
spaced compound (“caixa preta”). None of the
three LLMs conformed to the orthographic
conventions stipulated by the 1990 Portuguese
Language Orthographic Agreement (CPLP,
1990), specifically the requirement that days of
the week in Portuguese be written in lowercase.

4.3. Idiom interpretations

In Lithuanian, Gemini provided a literal translation
for “in the black": “Dirbti pelningai” (literally: "Work
profitably"). The same was observed in Hebrew,
01792 (literally: "In plus"), as well as in Hungarian,
“nyereséges” (literally: “profitable"), and Claude
opted for “nyereségesen” (literally: “profitably").
Concerning Portuguese, all three models
correctly identified the unique Portuguese idiom
“no azul” ("in the blue"), which is a strong indicator
of cultural awareness because this is a unique
colour idiom distinct from the English "black."
However, these results refer to Brazilian
Portuguese and not to standard European
Portuguese, where one would expect translations
such as “com saldo positivo” or “com lucro”
(literally, "with positive balance” or “with profit,"
respectively).

Moreover, we have found several examples of
semantic drift (Hamilton and Jurafsky, 2016) and
metaphor extension (Lakoff and Johnson, 1980)
in colour idioms, namely:

e Black — illegality (black market) —
systemic risk of negative consequences
(black swan)

Green — meaning linked to ecology —
ESG (Environmental, Social,
Governance) — finance — branding
ethics

Blue — meaning linked to sustainable
ocean resources (blue economy) — ESG
(Environmental, Social, Governance) —
finance — branding ethics

4.4. Vocabulary choice

For the "Blackleg" in Lithuanian, LLMs provided
“Streiklauzys” (literally: "Strike-breaker") and
similarly in Hungarian - “Sztrajktor6” (literally:
"strike-breaker").

There was a slight difference in Portuguese for
"blackleg," which included a minor grammatical
difference between LLMs:
e Gemini: fura-greve
breaker).

(singular:  strike-



e Claude, GPT: fura-greves (plural: strike-

breakers).

A similar situation was observed in Albanian:

e Gemini: Thyerés i grevés (Breaker of the
strike).
GPT: Thyes Grevash
strikes—plural, indefinite).
Claude: Thyesés i grevés (Breaker of the
strike).

° of

(breaker

Concerning "Black economy" vs. "Black market
economy," most languages use terms equivalent
to "Shadow economy" (e.g., “Seséliné ekonomika"
in Lithuanian) or "Parallel economy" (e.g.,
“economia paralela" in Portuguese) to distinguish
the broader economic concept from the specific
"black market" (“mercado negro" in Portuguese).

All three LLMs provided distinct but correct
translations for "black market economy" in
Portuguese: "economia de mercado negro,"
"economia informal," and "economia subterranea"
(literally, "black market economy," "informal
economy,” and "underground economy,"
respectively).

As to "Black-Scholes," all three LLMs provided the
Brazilian Portuguese translation “modelo Black-
Scholes" instead of the standard European
Portuguese “modelo de Black-Scholes” (literally,
"Black-Scholes model” and “model of Black-
Scholes," respectively).

Regarding “black money," GPT provided “dinheiro
negro," while Claude and Gemini provided
“dinheiro sujo” (literally, "black money” and “dirty
money”). Both idioms are correct in Portuguese,
although some authors (e.g., Silva, 2009;
Hortelao Lopes, 2015) distinguish between
"dinheiro negro" (i.e., money applied in illegal
activities) and "dinheiro sujo" (i.e., money
acquired from illegal activities).

4.5. Visualisation of the output of LLMs

The generated agreement heatmap is basically a
visual overview with colour coding:

Green (3) = All 3 systems agree
Amber (2) = Two systems agree
Red (1) = All systems differ

Agreement by language is represented by vertical
ranking. The breakdown presents the distribution
of agreement levels for each language, with
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separate bars for equivalent vs. literal
translations. It shows that HU and LT perform
best, while AL and HE have the most
disagreement. The reason for this might be that
HU and LT have larger training datasets,
enhancing reasoning capabilities than AL, which
is a low-resource language in the context of LLM
training.

Agreement by idiom is represented in a horizontal
bar chart ranking all 19 idioms by overall
agreement score. The highest agreement is
visible in terms like "black box," "Black Friday,"
and "black hole" (universal, technical, and cultural
terms).

Most disagreement is related to terms requiring
cultural adaptation, like "in the black," "blackleg,"
and "blackmail." The agreement scores range
from ~1.8 to ~3.0 (perfect agreement).

The visualisations clearly show that the three Al
systems agree most on:

Technical financial terms like "Black-
Scholes," “Black Monday," and “Black
Tuesday," among others.

Universal concepts and more common
terms, such as "black box" and "black
hole," show strong consensus across
almost all languages.

Concerning languages, Hungarian and Lithuanian
expressions show the most agreement, with
Hungarian demonstrating 73.7% equivalent
agreement, 78.9% literal agreement, and
Lithuanian demonstrating 68.4% agreement on
both.

The visualisation reveals most disagreement on
culturally  specific idioms requiring local
adaptation, such as “in the black," "blackleg," and
"blackmail."

Languages with supposedly limited training data,
such as Albanian and Hebrew, show less
agreement; for Albanian, only 42.1% full
agreement, and for Hebrew, 47.4% full agreement
on equivalents. Albanian shows more red/yellow
areas, indicating that the models struggle to agree
on the definitive grammatical form (definite vs.
indefinite articles, e.g., “e premtja” vs. “premté”).

The models partially agree on several Portuguese
idioms, where the heatmap shows yellow, as GPT
and Gemini prefer the English loanword, e.g.,
"Black Friday," while Claude prefers the literal
translation "Sexta-feira Negra."
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Figure 1: LLM consensus heatmap

4.5. Comparing Human Baseline with
LLM Output

The results of the experiment demonstrate
strong agreement among LLMs but less
consistent agreement with human interpretation
of colour idioms. The heatmap below compares
the human-provided idioms against the
collective output of the three LLMs (GPT,
Gemini, Claude).

Green colour indicates high consensus, which
indicates that all three LLMs produced the same
translation as the human annotator. This
indicates the idiom is well-established and
standard in that language.

Yellow and orange slots indicate partial
agreement, showing that some LLMs matched
human choices, while others differed (e.g.,
using a loanword like "Black Friday" instead of
the translated term).
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The red color demonstrates disagreement
where none of the LLMs matched the human
translation. This frequently occurs when the
human baseline states "No equivalent," but the
LLM attempts to force a literal translation.

Human—-LLM agreement clusters around partial
agreement (yellow) rather than green.

The human choices demonstrate the use of
nuanced local idioms (e.g., “no azul” in Brazilian
Portuguese, but not in Standard European
Portuguese), and the LLMs may fail to capture
such cases, though in this specific case, the
LLMs actually performed well.

High agreement is registered in cases of
technical or globally standardised idioms like
"black hole," "black market," and "blacklist."
Stable idiomatic expressions guide high human
and LLMs alignment.
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Human and LLMs' agreement breaks down in
the case of idioms involving metaphor shifts, for
example, in the case of in the black, black
economy, blackmail, and Black Friday. In such
cases, humans prefer functional or localised
equivalents, while LLMs over-preserve English
variants or loanwords.

Concerning languages in the dataset,
Hungarian and Hebrew show higher human—
LLM agreement. Portuguese and Lithuanian
show more divergence, reflecting a stronger
human preference for idiom substitution or
localisation

High LLM—LLM consensus and less alignment
of human-LLMs might mean that high cross-
model agreement can coexist with systematic
deviation from human idiomatic norms.

LLMs Matching Human

3]

La ng uage

Figure 2: Human vs. LLM consensus heatmap

5. Conclusion

As a result of the comparative evaluation of the
three models, it is claimed that, based on our
small multilingual dataset, Gemini appears to
be the most grammatically rigid (with a high
level of consistency in terms of capitalisation
and the use of definite articles). GPT seems to
be the most colloquial out of the three models
(preferring loanwords such as Black Friday in
Hebrew and Portuguese). Claude leans
towards academic translation (translating terms
that might often be left in English). The visual
heatmap shows that HU and LT perform best,
while AL and HE have the most disagreement.

None of the three models invented a phrase that
does not exist (no hallucinations).

These LLMs show higher mutual agreement
than agreement with humans. In fact, LLMs are
internally consistent, but that consistency
reflects shared Anglocentric  metaphor
encoding rather than convergence toward



human idiomatic usage. The heatmaps clearly
show that human expertise remains crucial for
high-quality idiomatic translation, particularly for
culture-specific expressions and less common
language pairs.

6. Limitations

This is an ongoing research project first tested
on a small dataset to carry out a pilot study,
which inherently has a limitation of small-scale
data. Another limitation is due to the deficient
information on the technical specifications of
the three examined models, because
information such as model size is not publicly
available. This presents a universal issue and
an ongoing challenge when evaluating the
performance of large language models.
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Where in Semantic Space Do Spanish Neologisms Emerge?
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Abstract

English neologisms, or newly coined words, have previously been shown to emerge in sparser semantic
neighborhoods (filling semantic gaps) and near other neologisms (in growing semantic areas). In this work, we
investigate where in semantic space Spanish neologisms emerge, and whether this mirrors English neologism
development. We find that Spanish neologisms, in comparison to non-neologisms, do indeed appear both nearer to
other neologisms and further from non-neologisms. We additionally investigate the prevalence of loanwords from
other languages through time in Spanish neologism production and manually assess the topics that appear as
loanwords at four years: 1810, 1900, 1950, and 1990. Our findings show that on average, the Spanish neologisms in
our dataset have fewer neighboring words in semantic space compared to non-neologisms and tend to cluster more
tightly in the semantic space, indicating that patterns of neologism emergence span languages. This suggests that
novel methods for neologism detection may be cross-lingually applicable, with these features serving as multilingual
predictors of neologism emergence.

Keywords: vector semantics, Spanish, neologisms

1. Introduction tic neighborhoods, i.e. have a higher proportion of
neologisms as close semantic neighbors and tend

Neologisms are newly coined words that have been 10 b€ grouped together in semantic space.
accepted in speech communities (Picone, 1996), Next, we inspect clusters of Spanish neologisms
and emerge across the world's languages. Ryskina  to identify the topics that have grown in popularity
et al. (2020) investigate how English neologisms =~ OVer each of the various years, and assess the role
relate to other words in semantic space, finding  thatlanguage contact has played in the creation of
that English neologisms are more likely to (1) ap- €W words across time_, by identifying the source
pear in sparser semantic neighborhoods (filing  !anguage of the neologisms for each year.
semantic gaps), and (2) emerge near other neol- We find that new Spanish words, like new En-
ogisms (in growing semantic areas). In this work, ~ 9lish words, do indeed emerge in sparser and
we investigate how typological diversity impacts ~ 9rowing neighborhoods. We also find that lan-
how neologisms emerge, specifically examining  guage contact and globalization tend to impact the
whether these two findings by Ryskina et al. (2020)  loanwords that appear in Spanish text over time.
apply for Spanish neologisms. We perform this These findings indicate that neologisms tend to
analysis through a temporal lens, performing this ~ €merge in similar areas of semantic space across
investigation on Spanish texts at various points in ~ languages, given that these patterns appear to
time and with multiple thresholds of “closeness” for ~ be consistent multilingually. This result opens up

semantic similarity (cosine similarities of at least ~ new avenues of multilingual neologism detection,
0.35, 0.45, and 0.55). which corresponds with one persistent challenge

for large language models (LLMs) in the modeling

To address these research questions, we pro- of contemporary speech: unknown token handling.

duce static embeddings of Spanish words appear-
ing in the Google Ngram Viewer corpus (Michel
et al., 2011), which contains frequencies of Span- 2. Related Work

ish words used in books from 1500-2019. We

classify these unigrams as neologisms or non-  Neologisms reflect cultural, technological, and so-
neologisms based on their proportion of usage  cietal change. Consequently, it is important to
before and after the year being analyzed. We then  be able to accurately detect and infer the mean-
compare the embeddings of the Spanish words for  ing of neologisms from limited context in order to
each year via cosine similarity, counting how many  keep language models current and effective for
words are at least as similar as the specified simi-  real-world applications. In fact, Zheng et al. (2024)
larity lower bound. Then, we can use these counts  introduce NEO-Bench, a benchmark that serves to
to evaluate whether neologisms are more likely  evaluate LLMs’ robustness in handling neologisms,
to emerge in (1) sparser areas, i.e. have fewer and conclude that LLMs are not yet fit to generalize
close semantic neighbors, and (2) growing seman-  on neologisms.
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Prior work related to neologisms has largely fo-
cused on detecting their presence in corpora, in
particular for English (Wirschinger et al., 2016;
McCrae, 2019; Zalmout et al., 2019). Kulkarni et al.
(2018) propose leveraging the appearance of neol-
ogisms to help estimate when a document was writ-
ten by tracking their appearance and frequency. In
a non-English setting, prior work has investigated
detecting neologisms in Persian (Megerdoomian
and Hadjarian, 2010), Mandarin (Liu et al., 2013),
French (Falk et al., 2014; Lejeune and Cartier,
2017), Russian (Lejeune and Cartier, 2017), and
Japanese (Breen et al., 2018). Mizrahi et al. (2020)
introduce a model which, rather than detecting or
analyzing existing Hebrew neologisms, is designed
to create new words with the goal of reducing re-
liance on loanwords.

In this work, we focus on characterizing the se-
mantic qualities of Spanish neologisms, in par-
ticular for nouns. On the other hand, Rello and
Basterrechea (2010) present the first system able
to identify and conjugate Spanish verb neologisms,
and Wein (2020) categorizes utterances in a Span-
ish language learner corpus as being neologisms,
loanwords, or errors.

As discussed in Section 1, Ryskina et al.
(2020) propose two hypotheses surrounding neolo-
gism emergence, in order to analyze neologisms
through the lens of distributional semantics. Sepa-
rate Word2Vec embeddings are trained on the Cor-
pus of Historical American English (COHA; Davies,
2010) and the Corpus of Contemporary American
English (COCA; Davies, 2008), and then aligned.
Neologisms are identified as nouns that occur at
least 20 times more frequently in the contemporary
corpus, following Ryskina et al. (2020). Semantic
density is measured by counting words that fall
within certain cosine similarity thresholds ranging
from 0.35 to 0.55, and frequency growth is calcu-
lated by averaging the change in frequency of a
given word’s neighbors over time. In concluding
that both semantic sparsity and frequency growth
serve as strong predictors, with frequency growth
outperforming, this study offers valuable insight into
neologism emergence for English words. These
findings motivate our work on Spanish neologisms.

3. Methods

To test our hypotheses, we represent words us-
ing word embeddings and measure the semantic
similarity between them. In doing so, we are able
to define neighborhoods around each word via a
similarity threshold in order to measure the density
of the neighborhood as well as the presence of
nearby neologisms.
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3.1. Data

We utilize the unigram data from the 2020 Spanish-
language Google Ngram Viewer corpus (Michel
et al., 2011), which contains frequency counts of
words in Spanish books published between 1500
and 2019. Each entry within this dataset contains
a word and its frequency for each year.

Following Ryskina et al. (2020), before classify-
ing neologisms, we filter the data to include only
nouns using the part-of-speech tagger from the
SpaCy package (Honnibal et al., 2020). Addition-
ally, we filter out words beginning with capital let-
ters as well as words with special characters or
numbers. This preprocessing limits our dataset to
just nouns, because they are an open-class part-
of-speech, and helps reduce some of the noise
from our large dataset by filtering out some named
entities.

We identify neologisms at four cutoff years:
1810, 1900, 1950, and 1990. We select these four
years given the amount of data available in each
of those four intervals and the cultural shifts that
occurred between those times. We then calculate
the amount of times each word is used before and
after each cutoff and their proportion of modern
usage, which we define as the ratio of occurrences
after the cutoff to occurrences before. We deter-
mine which words to label as neologisms based
on their proportion of modern usage, ultimately la-
beling the 1,000 words with the highest proportion
at each year as neologisms (we discuss examples
of these neologisms in Section 4). We select the
top 1,000, which follows Ryskina et al. (2020) and
is affirmed by our qualitative assessment of the
point at which the modern usage proportion drasti-
cally declines. The average ratios for these 1,000
highest-proportion items are as follows: 76,649 for
1810, 12,716 for 1900, 3,877 for 1950, and 564
for 1990. The decrease in these proportions over
the years is an expected trend that likely reflects
the amount of time each word had to accumulate
usage after each cutoff year. For example, words
that emerged around 1810 had over 200 years to
become widely used, while words that emerged
around 1990 had only a few decades until the end
of the dataset in 2020.

3.2. Approach

In order to represent our words as vectors, we use
static embeddings from fastText (Bojanowski et al.,
2017),! as our dataset consists of isolated words
and frequencies.

To address the first hypothesis, which is that ne-
ologisms tend to appear in less dense areas of the

Specifically, we use the embeddings produced by
the cc.es.300.bin Spanish-language model, which is pre-
trained on Common Crawl and Wikipedia data.



Language | Neologism | Non-neologism
Spanish 403 293429

English 198 95880
Portuguese | 69 61794

Italian 61 52669

French 31 35193

Table 1: Source languages identified for neolo-
gisms and non-neologisms for words in the year
1990.

waypoint

Figure 1: Technology Cluster: 1990 Cutoff. Words
that are redder (darker) are closer in semantic
space to smartphone.

semantic space, we calculate the cosine similar-
ity between the each word and all other words in
the dataset. Then, for each word, we count the
number of similar words above a certain thresh-
old. We choose to analyze several lower bound
thresholds in order to explore varying degrees of
similarity: 0.35, 0.45, and 0.55 following Ryskina
et al. (2020); these thresholds are defined as the
minimum cosine similarity that is required for a
word to be considered “similar” to a given word, i.e.
to be a part of that word’s semantic neighborhood.
This allows us to determine how many words are
similar to the original word, and thereby ascertain
the density of a given word’s semantic space.

We operationalize the second hypothesis, which
is that neologisms tend to arise in growing seman-
tic neighborhoods, in terms of proximity of neolo-
gisms to each other. Accordingly, we perform the
same calculation as for the first hypothesis, but
now only focus on how many neologisms are near
the word, indicating whether the area is growing.

Finally, to investigate the question of language
contact’s role in neologism creation, we perform
language identification of the neologisms for each
year. We leverage fastText’s pretrained model for
language identification, which supports 176 lan-
guages (Joulin et al., 2017).2 We count the amount
of words identified as belonging to each language
by the model.

2Specifically, we use the lid.176.bin fastText model.
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4. Results

First, we perform a qualitative analysis of the neolo-
gisms that emerge in the dataset at each year. We
are able to notice clear trends in the types of words
classified as neologisms. For the interval starting
at 1810, we notice words like fotografia (photog-
raphy), vodka (vodka), and futbol (soccer/football)
being labeled as neologisms. All of these words
not only give insight into what terms are growing
in popularity at the time, but are also examples of
globalization’s impact on language, as all of these
terms are either loanwords or adapted from other
languages—mostly from English, but with vodka
being a Russian loanword. In the 1900-1950 data
split, we see words like telenovelas (television soap
opera), ecologismo (environmentalism), and neu-
rociencia (neuroscience) reflecting a growing fo-
cus on scientific, environmental and media-related
domains for the time period. For 1950-1990, we
see feminicidio (femicide), rockero (rocker), hip-
pie (hippie), interculturalidad (interculturality), and
even pixeles (pixels), which reflects more mod-
ern developments. Finally, in the data split with
cutoff year 1990 (which spans 1990 to 2020), we
notice more contemporary concepts that are em-
blematic of 21st century advancements, such as
smartphone (smartphone), bitcoin (bitcoin), and
ibuprofeno (ibuprofen). Overall, this progression
underscores the influence of globalization, tech-
nological innovation, and societal shifts on the
Spanish language, revealing predictable patterns
for neologism emergence. When visualizing the
neologisms into cluster via T-SNE (Figure 1), we
are able to observe similar clusters developing, in-
cluding technologically- and scientifically-focused
terms clustering together for each year.

When examining the amount of neologisms iden-
tified as belonging to each language for each cutoff
year, we observe an increase in the proportion of
neologisms that are non-Spanish words over time,
with Portuguese and English appearing most fre-
quently. In 1810, Portuguese is the most common
non-Spanish source of neologisms, with English
behind it. However, in 1900, English not only sur-
passes Portuguese, but continues to increase and
ultimately makes up more than double the amount
of Portuguese neologisms by 1990 (Table 1). This
shift suggests a rise of English influence on Span-
ish vernacular.

Addressing the first hypothesis, our results (Ta-
ble 2) show that on average, neologisms have
fewer neighboring words in the semantic space
compared to non-neologisms. Noticeably, the ab-
solute counts are large, which is due both to the
size of the dataset and to the use of a relatively
low similarity threshold, such as 0.35, permit the
inclusion of many loosely related words. For this



Lower Bound

Year | Type 0.35 0.45 0.55
1810 | Neologism 497,530 | 73,111 10,147
1810 | Non-neologism | 693,953 | 569,252 | 324,618
1900 | Neologism 473,241 | 104,741 | 17,723
1900 | Non-neologism | 693,985 | 569,210 | 324,608
1950 | Neologism 461,496 | 139,012 | 28,781
1950 | Non-neologism | 694,001 | 569,165 | 324,593
1990 | Neologism 488,120 | 233,502 | 102,150
1990 | Non-neologism | 693,965 | 569,039 | 324,495

Table 2: Average number of similar words within the threshold for neologisms and non-neologisms, at
each lower bound. For example: for the year 1810, for all 1,000 neologisms the average number of similar
words from the dataset in each neologism’s neighborhood is 497,530 with a cosine similarity of 0.35 < x

<1.

Year | Type

1810 | Neologism
1810 | Non-neologism
1900 | Neologism
1900 | Non-neologism
1950 | Neologism
1950 | Non-neologism
1990 | Neologism
1990 | Non-neologism

Lower Bound
0.35 | 0.45 0.55
374 | 9.25 2.59
3.44 | 0.309 | 0.045
34.0 | 8.53 2.53
719 | 1.18 0.190
32.7 | 8.60 2.55
15.8 | 2.87 0.336
57.4 | 21.6 6.00
53.6 | 13.3 1.87

Table 3: Average number of similar neologisms for neologisms and non-neologisms within each threshold.
For example: for the year 1810, for all 1,000 neologisms the average number of similar neologisms in a
given word’s neighborhood is 37.376, for a cosine similarity of 0.35 < x < 1.

reason, the values are best interpreted in compari-
son to one another rather than in isolation. The fact
that neologisms have fewer neighboring words in
the semantic space compared to non-neologisms
indicates that neologisms are indeed more likely
to emerge in sparser areas of the semantic space,
suggesting that Spanish, like English, follows this
supply-driven pattern. This is indicative of a cross-
linguistic trend of conceptual gaps that exist in se-
mantically sparse regions, which neologisms fill.

Conversely, when assessing the proximity of ne-
ologisms to each other (Table 3), the average simi-
larity count is higher than that of non-neologisms
across all years and thresholds. This suggests that
new words tend to cluster more tightly in semantic
space, in line with the second hypothesis, which
outlines the demand-driven theory that neologisms
emerge in areas of growing popularity. Our findings
suggest that Spanish neologisms are also subject
to such cultural trends and shifts, and thus that
neologisms are not just filling gaps in the seman-
tic space, but responding to increased demand in
culturally relevant spaces.

These findings and the similarity of Spanish ne-
ologism emergence to English neologism emer-
gence indicates that both semantic sparsity and
growing popularity serves as a multilingual predic-
tor of future neologism emergence.
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5. Conclusion

In this work, we explore where in semantic space
Spanish neologisms emerge in relation to other
words. We specifically investigate whether Span-
ish neologisms are more likely to fill semantic gaps
(thus appearing in sparser neighborhoods and hav-
ing fewer close neighbors than non-neologisms do)
and emerge in areas of growing popularity (thus
being closer to other neologisms). As Ryskina
et al. (2020) find for English, we find that Span-
ish neologisms do emerge in both sparser and
growing semantic neighborhoods, suggesting that
these phenomena carry across languages. Our
qualitative analysis reveals that words related to
technology and global politics regularly emerge as
neologisms in our data. We additionally investigate
the role of loanwords, finding that more English
loanwords appear with increasing frequency over
the centuries. Our findings motivate future work
detecting multilingual neologisms given their rela-
tionships with other words and known neologisms.
In particular, given that handling unknown tokens
(such as neologisms) is a persistent challenge for
LLMs, this work provides critical insight into how
we may detect new words across languages, which
would prove useful for enhancing performance of
multilingual LLMs.



6. Limitations

We select the Michel et al. (2011) n-gram dataset
because of its size, historical scope, and well-
documented temporality metadata. The words
appear as individual unigrams, and thus we are
not able to leverage the context that the words
appear in for our analysis (or use contextualized
embeddings). A limitation of our approach is that
semantic neighborhoods are computed in a mod-
ern embedding space. Because the dataset only
contains isolated word usage per year and no text
sequences, we cannot train embeddings that re-
flect the historical usage of each neologism. Future
work using time-stamped corpora with contextual
information and embeddings over time could ad-
dress these issues, allowing analyses of historical
semantic structure and the dynamics of emerg-
ing words, following the approach of Ryskina et al.
(2020).

Further, our static embeddings do not allow us
to determine whether semantically sparse regions
existed prior to the emergence of neologisms or
appear sparse because neologisms are newly in-
troduced.

Additionally, we focus on Spanish nouns in partic-
ular, removing nouns with capital letters or special
characters. While we filter out all nouns that begin
with capital letters, some proper nouns remain in
the dataset (such as “iPhone”).
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Abstract

The English language is changing faster than before, partly due to the influence of the Internet. Digital
language includes a large number of discourse markers (DMs), many of which can be considered
innovative. Acronymization, pragmatic specialisation, and compensatory lexical innovation are the most
common lexical processes that can be withessed in the DMs used in computer-mediated communication
(CMC). The following novel DMs were identified in recent Twitter chats: lol, tbh, omg, meh, and idk.
These DMs perform several functions, such as showing emotions, signaling uncertainty, hesitation, or
mitigation. Interpreting these functions may not be an easy or obvious task for Al. The primary aim of
the study is to evaluate the pragmatic competence of an LLM, Gemini 3 Pro, regarding the interpretation
of these novel DMs. A mixed-method research process was employed: LLM-generated outputs were
compared with the findings of the relevant literature, quantitative corpus analysis, and our qualitative
human interpretation to assess the model’s analytical usefulness. Gemini 3 Pro was found to show a
high level of pragmatic competence in terms of interpreting the functions of DMs, but sometimes tended
to overgeneralise, or failed to understand the tone of the text and the intention of the speaker to use a
DM.

Keywords: discourse markers, LLMs, digital communication

. . . (henceforth: CMC). (Gemini 3 Pro was released
1. Introduction, Research Objectives i, November, 2025, described by Google as its

Research on lexical innovation has become even ~ Most intelligent Al model yet, featuring enhanced
more relevant in 21st-century society, particularly ~ réa@soning and  coding  capabilities.) The
in the context of digital development, which is  Secondary goal of the research is to compare and
inevitably linked to multiple linguistic changes as ~ contrast the output of the LLM with human
well, including lexical innovations. Linguistic ~ @nalysis, with the relevant findings of previous
innovation is especially observable on social ~ research on these items, as well as our own
media platforms, whose discourse reaches broad qualitative analysis of these items in our corpus.
audiences in a digital format that has become a

norm in contemporary communication. 2. Theoretical Background

As Large Language Models (henceforth: LLMs) 2.1. Lexical Innovation
become more powerful and capable, it is now
necessary to assess them beyond basic
knowledge and data recall and focus on their
ability to grasp nuance and context. In this pilot
study, we focus on recent colloquial lexical
innovations spreading on social media with
discourse marking functions. In our pilot, we
identified the following common discourse
markers used in recent Twitter chats: /ol, tbh,
omg, meh, idk. These novel discourse markers
(henceforth: DMs) are innovative tools that
perform complex social tasks, such as showing
emotions (such as omg showing surprise),
signaling uncertainty and hesitation (by using idk),
or ending a conversation in a text-based, digital society and forming subjective worldviews. In

environment (€.g. so yeah). turn, research related to linguistic phenomena
The primary aim of the study is to evaluate the  related to media discourse sheds light on
pragmatic competence of an LLM (in our case linguistic form and corresponding genres guiding
study, Gemini 3 Pro) regarding novel discourse  the pragmatic functions of social media
markers in computer-mediated communication discourses (Horbatko, 2021).

Social media remains the driving tool for versatile
communication, reaching a large number of
people and covering a wide variety of topics,
including political, social, economic, and other
information. It is also important to pay attention to
the pragmatic side of such communication
because of the way these topics are presented in
the media, as the society's perception of social
media discourse also depends on ideology, public
acceptance, established stereotypes, accepted
morality, gender perception, etc. (Pohorila, 2022).
The dynamic phenomenon of modern media
discourse also carries a powerful pragmatic and
evaluative potential, influencing the views of
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Lexical innovation has been studied from various
perspectives by linguists, categorizing the
processes of word formation (Miller 2014) and
tracking the change of the meaning of words over
time (Geeraerts 2010). In recent studies,
researchers have focused on word lexicalization
and their gradual acquisition of particular forms
and meanings as well as the institutionalization of
words as they enter into the standard vocabulary
of a language (Brinton & Traugott, 2005).
Lexicographical research focuses on identifying
and defining neologisms by extensively using the
corpus approach and internet search engine
results (Kerremans et al. 2011). Traditional
linguistic interest in the formation and
development of new words is enhanced by corpus
linguistics, which offers new solutions, as it allows
for the open-ended analysis of language variation
and change by searching large amounts of natural
language data (Szmrecsanyi 2011; Grieve 2015).
It should be admitted that small, regionalised
corpora are not extensive enough to observe
variations both in the use of common content
words and rare new words, but the growth of
social media has been changing the situation with
the possibilities of computational linguists and
LLMs to analyze incredibly large amounts of
linguistic data harvested online, especially from
Twitter, to understand certain patterns of lexical
variation and change (Huang et al. 2016).

2.2. The Category of DMs

There is no widespread agreement in the
literature about the name and the definition of this
group of lexical items (including tbh, omg, lol, idk,
meh, so yeah). Concerning the terminology of the
present research, we refer to these items as
discourse markers (DMs). DMs are traditionally
defined as “sequentially dependent elements that
bracket units of talk” (Schiffrin 1987: 31) or
metalinguistic items that provide information
about the segmentation and operation of a
discourse (Fraser 1999). Schiffrin (1987)
describes the role of DMs as “providing contextual
coordinates for ongoing talk” that indicate for the
hearer how an utterance is to be interpreted. This
is the reason why they prove to be frequent and
useful elements in CMC as well, since they help
the readers disambiguate the intended meaning
and tell us about the mental state/stance of the
speaker or writer. Furké (2014) overviewed earlier
DM research and presented the criteria for DM
identification by describing the key features of this
morphologically, syntactically, and pragmatically
heterogeneous group: high oral frequency,
optionality (in a syntactic sense), low propositional
contribution, procedural meaning, extreme
multifunctionality (fulfilling pragmatic/interactional

functions, such as stance, alignment, and
mitigation), and context dependence. In
summary, DMs are multifunctional pragmatic

elements expressing various metacommunicative
and cognitive functions. These functions of digital
DMs will be explored in this research based on a
small corpus and its mixed-method analysis,
including analysis by an LLM.
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2.3. Types of Lexical Innovation in DMs

We can classify the scrutinised DMs in terms of
the type of lexical innovation present in them. The
first feature is an abbreviation, as due to lexical

economy, DMs shift from full phrases to
initialisms. Such acronyms also turn into
discourse markers with certain pragmatic

functions. Another feature is pragmaticalisation,
which means that acronyms undergo a
lexicalisation process through which they become
lexical units; for example, /ol is used as a verb,
e.g., in "He literally lol'd". Depending on the
theoretical framework, scholars describe this

process as pragmaticalisation (Ariel 1998),
grammaticalisation (Traugott 1995), or
constructionalisation (Traugott & Trousdale

2013).

2.4. Previous Research on the Selected
Items in CMC

McCulloch (2019) describes language use on the
Internet and argues that the English language is
changing faster than before because of the
influence of the Internet. Concerning the DMs
under scrutiny, he finds that /ol has become a
softener. Using it at the end of a sentence (e.g.,
"I'm so tired lol") signals that the speaker is not
actually complaining aggressively but rather
seeking sympathetic feedback (e.g., a nod) from
the reader.

Scott (2015) specifically analysed the one-to-
many, asynchronous communication mode of
Twitter and found that tweeters make their
intended contextual assumptions accessible to a
wide range of readers by using hashtags, which
facilitate the use of an informal, casual style that
fits the discourse context of Twitter. Scott
suggests that expressions such as tbh (to be
honest) and ngl (not gonna lie) serve as mitigators
that soften the impact of a statement. These
markers are typically used before giving
potentially offensive or controversial opinions.
Through the explicit reference to being honest,
the writer signals a ftransition from polite
conversation to a more authentic personal insight,
which builds a sense of closeness with the listener
(Scott 2015).

Tagliamonte & Derek (2008) analysed pragmatic
particles in instant messaging among teens and
found that lo/ and omg are used for discourse-
pragmatic purposes. For instance, in their
understanding, /ol is used as a marker of empathy
or a way to signal that the conversation is friendly.
It serves a phatic function; it keeps the social
connection open, rather than indicating actual
humor. They claimed that teenagers use
nonstandard language, but it should not be
considered a degradation of language, but a new,
innovative, and functional form of
communication.

Vandekerckhove (2025) gave a detailed analysis
of the use of omg in the digital language of
Flemish adolescents. In general, he also shares
the view that discourse markers function as



pragmatic signals that tell the reader exactly how
to interpret the text, since digital writing lacks the
nonverbal cues of face-to-face interpersonal
communication. The paper highlights that,
besides the primary function of omg to express
shock, it fulfils discourse organizational functions
as well. omg is often used to mark boundaries and
bracket a message. It may signal a shift, e.g., from
casual chat to a high-intensity narrative (as
in “omg you won't believe what happened...").

Softener markers like /ol or idk are often used to
mitigate face-threatening pragmatic acts. They
are used when a speaker makes a request or
expresses a slight criticism, and adding a marker
at the end reduces the social risk of the
interaction.

3. Methodology

We followed a mixed-method research process: a
combination of quantitative corpus analysis (using
a concordance), qualitative human interpretation,
and Al-assisted analysis. LLM-generated outputs
were compared with the findings of the relevant
literature and our qualitative human interpretation
to assess the model's analytical usefulness,
pragmatic competence, and limitations, in line
with recent computational studies on machine-
learning methods for detecting hedges (Wise & El
Barj 2023, p. 3). First, data was collected; a
Twitter chat corpus was selected for this purpose,
since it is a genre peculiar to recent digital
communication. This text corpus was scraped
from Twitter (242,170 words, 51 MB), where the
odd lines are tweets and even lines are
corresponding responded tweets. The corpus is
formatted as a list of independent messages or
short exchanges organised into one message per
line. The text displays lexical variety, which is
typical of social media, and includes a mix of
standard English and slang (e.g., "deadass" and
"lowkey"). The text is also highly informal,
characteristic of non-standard capitalization,
excessive punctuation (e.g., "//!I"), and frequent
use of emojis. In the subsequent stage of the
experiment, AntConc 4.3.1, a freeware corpus
analysis toolkit, was used for concordancing and
quantitative text analysis (Anthony, 2024). We
first carried out the quantitative and qualitative
analysis of the pilot corpus and then prompted
Gemini to carry out an LLM-based analysis.
Finally, the different results were contrasted with
one another.

First of all, we used AntConc 4.3.1, a freeware
corpus analysis toolkit for concordancing and
quantitative text analysis (Anthony, 2024). Most
entries are single tweets or short chat messages,
typically ranging from 10 to 25 words per line.
Given the informal nature of the text, the TTR is
relatively low for the entire corpus due to the
repetition of common conversational phrases,
though it contains a high number of unique
informal variations and misspellings. The case-
insensitive concordance searches of the pilot
corpus gave the following counts for the target
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expressions: there are 201 occurrences of lo/
(including variations such as "LOL", "lolol", "lolz"),
35 occurrences of tbh, 21 idk, 15 omg and 4 meh
items in our research corpus.

In the next stage, we discussed and agreed on the
qualitative interpretation of the relevant lines (the
left and right contexts of the word searches
described above) as well as the functions of the
digital DMs, driven by earlier works and the actual
examples in the Twitter corpus. These findings
were manually saved in a shared spreadsheet file
for subsequent comparison.

As a next step, Gemini 3 Pro, an LLM-based
generative Al chatbot, was used. Gemini 3 Pro
was released in November 2025, described by
Google as its most intelligent Al model yet,
featuring enhanced reasoning and coding
capabilities. In our experiment, Gemini was fed
the full corpus file and was given the following
prompt in thinking mode: “Collect and analyse the
expressions meh, lol, tbh, omg, idk in the text file
(Twitter chat corpus), analyse their uses, and
classify the pragmatic and discourse functions of
these expressions in digital communication.” The
prompt did not contain examples of classification
or explicit category definitions. Subsequently,
Gemini provided its answer about the common
discourse-pragmatic functions and uses of the
selected DMs (mitigation, intensifying, hedging,
expressing emotions, marking stance, and
replacing facial expressions or gestures), and it
also reflected on usage in terms of the typical
positions of the DMs, although it was not explicitly
asked to do so. In the end of its reply, it also
suggested giving an example for each function, if
we need it. Therefore, we prompted in reply to:
“give an example sentence for each function from
the same text corpus attached.” As a result, it
gave a list of functions and an example for each,
supposedly the most common usages (in the
most frequent positions).

Two other LLMs were consulted and were given
the same corpus file and prompt, but GPT-5.2
Auto by OpenAl and Claude 4.5 Sonnet did not
upload the corpus file and did not perform the
task, as the size of the attached file must have
been too large. Claude 4.5 specifically highlighted
that files larger than 31 mb cannot be uploaded,
so these LLMs were not involved in the analysis,
which has left the experiment as a single-model
pilot study rather than a comprehensive
comparative research study.

4. Research Findings

Human Interpretation: The
Discourse-Pragmatic Functions of
the Novel DMs in CMC

The utterances (in Table 1) demonstrate the
typical functions and different positions of the
scrutinised novel DMs: lol, tbh, omg, meh
(expressing various emotions), and idk
(expressing a hedge and functioning as a
mitigator). These examples have been selected
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by us from our corpus to
common

uses of the

communication.

Marker

meh

lol

tbh

idk

omg

Example 1

"A: Are you
excited? B: Meh,
not really."”
(indifference)

"I can’t believe |
just sent that to
the wrong
person lol."
(mitigation)

"l think the first
season was
better tbh."
(stance marking)

"Idk
females
with
(preface)

how
fuck
this."”

"omg same, I'm
dying, it's all I've
been

illustrate the most
DMs in digital

Example 2

"The food was
okay, but the
service was just...
meh.”
(dissatisfaction)

"Lol, that is literally
the funniest thing
I've seen today."

(irony)

"Tbh, | never really
understood  why
that show was
popular.” (hedging)

"Idk, I'm just trying
to help  here"
(mitigation).

"OMG, my phone
has been jumping
from like 39 to 0 if |

thinking
about” (marks open a new app;
emotional state) [I'm fed up.”
(intensifier)

Table 1. Examples from our corpus,
complemented with human coding of the
functions in brackets

4.2 Contrasting Human Interpretation and
LLM Analysis

Analysis of "meh"

According to Urban Dictionary, meh represents
doubt and functions as a shoulder shrug, with its
meaning described in the
entry:https://www.urbandictionary.com/define.ph

p ?term=meh. In the Urban Dictionary it is not
explicitly categorised as a DM, but in many
contexts, we consider it a DM due to its low
propositional contribution, procedural meaning
and multifunctionality. In the tweets, it often
expresses indifference and an evaluative stance
as well, carrying an expression of dissatisfaction
(in contrast with previous higher expectations), as
in "A: Are you excited? B: Meh, not really" in our
chat corpus. This signals that the writer or
speaker finds the topic uninteresting and shows
discouragement of further deep engagement on
that specific point.

The LLM analysis does not always comply with
reality, as meh is not always used initially, as
described by the LLM. In fact, meh is common in
mid-position as well in the research dataset.
Moreover, it does not always serve as a DM (as
was suggested by Gemini); sometimes it serves
as a predicative adjective, as in "The new update
is a bit meh, | expected more features," where
meh is remodified by "a bit," and it means
something like disappointing or unimpressive.
The online version of the Cambridge Dictionary
also mentions its use as an adjective.

Analysis of "lol" (laughing out loud)

Theoretically, this DM most commonly expresses
the pragmatic function of mitigation. In our corpus,
lol rarely indicates its literal meaning, laughter;
instead, it more frequently functions as a
mitigation in order to soften the blow of a critique.
It is often used to signal irony or to suggest a
friendly or non-confrontational tone.

Gemini analysis emphasizes the final position of
this DM; however, we found several examples in
our corpus where /ol is used initially to indicate
laughter, such as in "lol that is literally the funniest
thing I've seen today." In fact, it can be placed
both at the beginning or at the end of a sentence
(e.g., "I'm dead, not looking forward to this lol").

Analysis of "tbh" (to be honest)

The main functions of this DM include stance
marking and hedging. Concerning the hedging
function, it is used for signaling an opinion that
might be unpopular or controversial. It helps
manage the user's face by showing that the
statement is a subjective observation rather than
an objective fact. It often appears at the beginning
of a turn to frame the entire message as a moment
of sincerity.

Gemini highlighted the sentence-initiality of tbh,
but in fact, in our corpus of tweets, tbh was often
placed on the left periphery (at the end) of
sentences, as in the following examples: "I'm just
really tired of the constant drama, tbh." "I think the
first season was better tbh."

Analysis of "idk" (I don't know)

It usually carries a function of an epistemic hedge
or mitigator used to signal uncertainty, a lack of
commitment to a statement, or to soften the
impact of a potentially controversial opinion. In
this specific corpus, idk is pragmatically used to
soften a potentially controversial opinion. It allows
the speaker to simultaneously distance
themselves from being expressively certain. For
example: "idk how females fuck with this ". In this
sentence, it functions as a preface to an
observation, showing a personal confusion rather
than an attack.

Concerning the functions of this DM, Gemini
provided an analysis similar to human
interpretation.



Analysis of "omg" (oh my god)

As indicated in the scientific literature, in our
corpus omg signals high emotional arousal,
expressing various emotions, such as surprise,
shock, frustration, or excitement. It often serves to
invite the interlocutor to share in their emotional
state, as in "omg, same. I'm dying, it's all I've been
thinking about.” In this context, it expresses
enthusiasm and acts as an intensifier for
agreement.

Overall, the LLM, Gemini, provided quite an
extensive pragmatic analysis in the context of
digital communication (specifically Twitter), and
its findings were most of the time in line with our
own analysis. It managed to illustrate that the
analysed expressions function less and less as
literal semantic units and acquire the status of
discourse markers indicating stance, which is a
sign of the lexical innovation in the items.
However, it included a few generalisations about
the initial position of the DMs and the tone they
express (e.g., lol expressing laughter, which was
not always the case).

4.3 The Uses and Functions of Lexical
Innovation in Digital Communication

Initialism and acronymization are the most visible
forms of innovation representing the shift from full
phrases to initialisms (LOL, TBH, IDK, OMG). The
benefits and functions of the discussed innovative
markers in digital media include speed, linguistic
economy, and subcultural signalling. The
innovation of lexical economy is driven by the
principle of least effort. For example: "Wait, you
actually did that? lol stop.” Lexicalization
demonstrates that the discussed acronymic DMs
do not remain just short forms; they have become
lexical units in their own right, as discussed
above, /ol being used as a verb (in "He literally
lol'd").

Obviously, digital communication lacks
paralinguistic cues, such as tone of voice and
facial expressions. Compensatory lexical
innovation fills this gap with items such as meh or
omg as innovative ways to represent a facial
expression or a tone of voice. For instance, the
DM omg represents innovative ways to display
emotional intensity without audio or visual signals,
and the DM meh functions as a translation of
physical sounds into lexical entries. The
transliteration of nonverbal cues clearly adds to
lexical innovation, as meh represents an
innovation where a nonlexical sound of a grunt is
turned into a written word.

Lexical innovation may also involve pragmatic
specialisation, which often involves a word
becoming specialised for a specific social
function. The best example is tbh used as a
stance marker, which is almost always placed at
the start of a sentence to affect the entire following
message, to manage face, and to keep social
politeness in a public or semi-public forum, such
as Twitter.
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5. Discussion about the Usability of
LLMs in Discourse Analysis

The current experiment aligns with the study by
Furko (2025), stating that LLMs show the ability to
identify common discourse markers and their
functions. Our pilot experiment with Gemini was
restricted, but it showed that the model proved
surprisingly capable of explaining how new DMs
function in digital conversations, often aligning
well with established pragmatic theories. This
suggests that Al could be an excellent help for
researchers, sifting through large amounts of data
to identify DMs and their environment for deeper
human analysis. However, the study by Furko
(2025) shows that the Al analysis still has its
limits. It tends to struggle with the subtler side of
language, particularly when the meaning depends
heavily on context. We saw a similar pattern in our
own trial, as Gemini frequently missed the tone in
our corpus and interpreted sarcastic comments as
completely literal. This underscores a deficiency
in pragmatic competence, because LLMs lack the
situational awareness needed to safely make
decisions about language appropriateness, e.g., if
someone is being sincere, joking, or being
sarcastic. Generally, Al sometimes still fails to
grasp tone or irony because of the lack of real-
world experience.

Additionally, in the current experiment, Gemini
occasionally made broad assumptions about
where DMs usually appear and let its own biases
colour the findings in order to illustrate the initial
usage of DMs.

6. Conclusion

Based on the analysis of our chat corpus, it was
found that digital language includes a large
number of DMs, many of which can be considered

innovative. Acronymization, pragmatic
specialisation, and compensatory lexical
innovation are the most common lexical

processes in CMC. The scrutinised digital DMs
represent a class of true lexical neologisms, as
they are built through compensatory innovation,
which means that while tweets lack nonverbal
cues such as tone of voice or facial expressions,
a lexical innovation fills this gap. Words such as
meh or the repetitive use of omg serve as
innovative digital body language to replace a
facial expression or a tone of voice that would
otherwise be lost in text.

Gemini 3 shows a high level of pragmatic
competence in terms of interpreting the functions
of DMs but sometimes tends to overgeneralise
(e.g. about the sentence-initial position of certain
DMs). Gemini provides general linguistic rules
about the position of DMs and simply does not
mention the cases where DMs are used in
uncommon positions, but we do not consider this
generalisation a hallucination since the initial
position is typical of DMs.



In brief, our pilot study indicates that an effective
analytic approach may involve using Al tools to
process large amounts of data to establish
patterns, but it must be followed by critical human
interpretation, especially when speakers/writers
express sarcasm or irony or when semantic
ambiguity is present in the text. Text generation
by LLMs is not really genuine reasoning, though,
and what is even more challenging for Al is to
replicate pragmatic performance. While the
scalability of Al is incredibly promising for
linguistics, it is clear that a human analyst is still
required to verify if the Al's interpretations are
valid in a specific context.

7. Limitations

The limitation of the present pilot study is due to
the lack of model diversity and the limited range
of the analyzed data. Although we intended to
include multiple LLMs, technical constraints
regarding file size prevented GPT-5.2 Auto and
Claude 4.5 Sonnet from performing the task,
leaving the experiment as a single-model case
study rather than a comprehensive comparative
evaluation. The findings about the functions of
these DMs in Twitter chats are in line with the
functional categories of the related literature
pertaining to computer-mediated communication.
However, because the research is conducted on
a relatively small dataset, consisting only of
Twitter chats, the findings may not be fully
representative of broader digital communication
patterns. Besides, a monolingual approach was
used. Our future research plans include testing
further novel discourse markers (including
multiword DM patterns as well) in multilingual and
more extensive datasets.
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Abstract

The growing popularity and misconceptions about conversational Al systems are driving efforts to establish a
universally accepted framework for evaluating large language models. Testing large language models on tasks
designed to assess human cognitive skills has become widespread. This paper presents the results of a pilot
experiment and a comparative evaluation of the ability of OpenAl's GPT-4.1 and GPT-4.1 mini to detect semantic
ambiguity based on the works of Shultz and Pilon (1973) and Zipke et al. (2009). The experiment used a task
sheet of 116 items utilising riddles, single sentences, and sentence pairs. It included systematically varied
instructions on a four-level scale ranging from no mention of ambiguity to direct mention. Lexical and structural
ambiguity were both employed, including surface-structure and deep-structure ambiguity. The results suggest that
even advanced models, such as GPT-4.1 and GPT-4.1 mini, tend to consider only one possible meaning of
ambiguous sentences. However, the recognition of ambiguity improved quickly when the possibility of ambiguity
was explicitly referenced in the instruction. Additionally, the results imply that model size is not directly connected
to performance, as GPT-4.1 scored better on lexical ambiguity detection tasks, while GPT-4.1 mini surpassed the
larger model in structural ambiguity detection.

Keywords: LLM evaluation, semantic ambiguity, contextual limitations, language modelling

. Recognition of ambiguity requires metalinguistic
1. Introduction awareness, and as such, it was chosen as the
The rapid advancement of large language  domain of the present research.

models imposes new challenges for performance While the challenges of semantic ambiguity

eva:ua:!on. d(_)om_pa_reci[l_ tolbenchmarkingd Iin detection in NLP have been the focus of
evaluating Iscnminative  language ~models, research for decades, Jayaweera and Dorr

iassessing tZeI performance h c:r gene'r:\tivi (2025) state that annotator-disagreement
anguage modeis poses new chalienges. As o stemming from linguistic ambiguity is still often

?ocivgvgiﬁirlms ns?Jgr?':gj:ll;y(Wgﬁg:de{r;m%vgng considered noise rather than a reflection of
9 ¥ * “meaningful, coexisting interpretations” (p. 37).

Tam et al., 2024; Seo et al., 2024; Miaschi et al. e
’ ’ L ’ ’ Jayaweera and Dorr (2025) highlight that the
2024). Methods that simulate tests that were “absence of gold-standard annotations for

initially intended to assess human cognitive skills di L : :

; ; . ifferent ambiguity types hinders progress in
ha\lﬁl\ﬁe'cogjﬁ[ wtldedsptrea;d. Ob’?e tfp|0 gf mhte{;]ast training and evaluating models that aim to align
1S S abllily fo detect ambiguily and whether — 5pe closely with human interpretive processes”

these systems demonstrate metalinguistic (p. 44). The authors emphasise the “need for the

awareness. This re_port presents the resuits O.f a creation of new datasets specifically annotated
small-scale experiment and the comparative for ambiguity presence and type’ and see

evaluation of the ability of OpenAl’'s GPT-4.1 and “exploring unsupervised or weakly supervised

GPT-4.1 mini to detect semantic ambiguity. methods’ as promising (Jayaweera & Dorr,
Assessing whether large language models 2025, p. 44). The experiment presented in this
exhibit metalinguistic awareness is of utmost  current paper is to serve as a pilot project for a
importance, as the general belief is that such larger scale experiment as a step towards
models have a deep linguistic understanding of  achieving the goals defined by Jayaweera and
languages, beyond that of native speakers. As  Dorr (2025).

Rohr-Brackin (2025) explains, metalinguistic

awareness is “a part of general cognition” (2025, 2. Methods

p. 28). Metalinguistic awareness is the active The experiment tested the abilities of GPT-4.1

attention to the knowledge domain “that . .
describes the explicit properties of language” and GPT4.1 mini. OpenAl defines GPT-4.1 as

(Bialystok, 2021, qtd. in Roehr-Brackin, 2025, p.  their *smartest non-reasoning model’, while

. . ‘o GPT-4.1 mini is the “smaller, faster version of
28). llliteracy and metalinguistic awareness are » ’
connected, as “illiterate adults' metalinguistic GPT-4.1 (Ope'nAI, Inc., _n.d.). Ople'nAI' does n.ot
awareness remains at low levels, such as the share the detailed technical specifications of its

ability to identify rhymes ... despite cognitive models, bl.Jt both models have a 1,047,576-token
matu)ll'ity” (Roe¥1r-B¥ackin, 2025p’ p. 9 29). context window (OpenAl, Inc., n.d.). The tasks
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used in the experiment were based on Shultz
and Pilon’s (1973) and Zipke et al.’s (2009) work
on testing children’s ability to detect and

shown in Table 1, three types of contexts were
used.

comprehend linguistic ambiguity. Each task
consisted of a context and an instruction. As
Context Original study Task type | Ambiguity type Context
ID
S5 Zipke et al. | Single Deep-structure Flying kites can be exciting.
(2009) sentence
SP9 Shultz and Pilon | Sentence | Surface-structure | She helped the boy with the hat.
(1976) pair She helped the boy put on his hat.
R8 Zipke et al. | Riddle Lexical Why is a school yard larger at
(2009) recess than at any other time?
a. At recess there are more feet in
it.
b. Itisn't.

Table 1: Context type examples

The first type was riddles in which the humour
comes from lexical ambiguity. The second type
was single, either lexically or structurally
ambiguous  sentences, including surface-
structure and deep-structure ambiguity. The third
type of context was sentence pairs in which the
first sentence was ambiguous, and the second
sentence unambiguously conveyed one of the
possible meanings of the first sentence. These
sentence pairs also included lexically and
structurally ambiguous sentences, incorporating
both  surface-structure and deep-structure
ambiguity.

Kess and Hoppe (1981) define lexical ambiguity
as the result “of a word or word sequence having
more than one distinct meaning” (p. 30). Surface
structure ambiguity “reflects two distinct syntactic
groupings of adjacent words in the string ...
Deep structure ambiguity, on the other hand,
reflects different logical relational sets between

Hoppe, 1981, p. 31). The authors point out that
in the experiment of Mackay and Bever (1967),
the participants “the median perception time for
the detection of ambiguities went from lexical to
surface structure to deep underlying structure
ambiguities”, suggesting differences in the
difficulty of recognising these three types of
ambiguities (Kess & Hoppe, 1981, p. 31).

In this current experiment, there were eight
riddles and seven single sentences by Zipke et
al. (2009) and 14 sentence pairs by Shultz and
Pilon (1973). This resulted in 29 context texts
overall. These 29 context texts were used across
four task sheets, for a total of 116 tasks per
model. The four task sheets (Level 1-Level 4)
differed in the style of instructions. Table 2 below
contains all instructions based on context type
over the four levels.

words or phrases in the sentence.” (Kess &
Riddles Single sentences Sentence pairs

Level 1 Please choose the correct | Please explain the | Please explain the meaning
answer to the question and | meaning of the | of both sentences.
explain your decision. sentence.

Level 2 Please choose the correct | Please explain the | Please explain the meaning
answer to the riddle and explain | possible meanings of | of both sentences. Please
your decision. Please also | the sentence. also compare the two
explain why the riddle is funny. sentences.

Level 3 Please explain what makes this | Please explain all | Please explain all possible
a riddle and why it is funny. possible meanings for | meanings for both

the sentence. sentences.

Level 4 | Ambiguity makes this riddle | The sentence is | One of the sentences is
funny. Both answers can be | ambiguous. Please | ambiguous. Which one?
considered true. Please explain | explain all possible | Please also explain all
why. Please also choose which | meanings for the | possible meanings for both
answer is actually true. sentence. sentences.

Table 2: Instructions for the different levels
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As shown, in the case of the riddles, the
instructions for Level 2 and Level 3
experimented with ways to encourage the
models to analyse the riddles, then contained a
direct mention of ambiguity on Level 4. In the
case of the single sentences, the instructions
contained no reference to ambiguity on Level 1,
a hint at ambiguity on Level 2, a more explicit
hint on Level 3, and directly referenced
ambiguity in Level 4. For the sentence pairs, a
combination of encouraging analysis and a direct
mention of ambiguity on Level 4 was used.
Model responses were elicited via API calls with
default parameter settings, which OpenAl do not
specify in the available documentation.

3. Results and discussion

The answers of the models were assessed on a
binary scale. On Level 1 to Level 3, the
assessment was either “Noticed ambiguity” or
“Didn’t notice ambiguity”. As on Level 4,
ambiguity is addressed in the instruction, and
answers were assessed as either “Correct
interpretation” or “Incorrect interpretation”. Figure
1 below shows the percentage of correct
answers by models and levels:

Overall results

® GPT-4.1 mini ® GPT4.1

100%
5%
50%

25%

0%

Level 2 Level 3 Level 4

Level 1

Figure 1: Percentage of correctly solved tasks

As the results show, without at least a hint at
ambiguity or encouragement to analyse, the
models tended to consider only one possible
meaning. With the introduction of referencing the
possibility of multiple meanings, both models’
results improved. Interestingly, the results of
GPT-4.1 did not increase when the ambiguity
was explicitly mentioned at Level 4 compared to
Level 3, whereas the results of GPT-4.1 mini
improved with every level. While GPT4.1 mini
achieved a low score on Level 1, it surpassed
GPT-4.1 when ambiguity was explicitly
mentioned. Nonetheless, both models
showcased significant improvement through
more direct prompting.

The two models’ performance varied significantly
depending on the type of ambiguity. Figure 2
shows the results for tasks utilising lexical
ambiguity:
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Results by ambiguity type: lexical

B GPT-4.1 mini ® GPT4.1

100%

75%

50%

25%

0%

Level 1

Level 2 Level 3 Level 4

Figure 2: Results of lexical ambiguity tasks

GPT-4.1 consistently outdid GPT-4.1 mini when
the task was lexical ambiguity detection. On
Level 1, when the instruction does not reference
possible double meanings in any way, GPT-4.1
correctly solved 61% of tasks, while GPT-4.1
mini scored only 11%. GPT-4.1 mini showed
significant improvement throughout the levels,
and GPT-4.1 also continued to steadily improve
after the strong start. Nonetheless, as Figure 2
shows, the direct mention of ambiguity did not
result in a perfect score for neither of the models.

While the tasks utilising lexical ambiguity
seemingly show that the larger model, GPT-4.1,
is superior, the results related to structural
ambiguity provides a new perspective.

Results by ambiguity type: surface-structure
® GPT-4.1 mini ® GPT4.1

100%

100%

75%

50%

25%

0%

Level 1 Level 2 Level 3 Level 4

Figure 3: Results of surface-structure ambiguity
tasks

As Figure 3 displays, GPT-4.1 mini surpassed
GPT-4.1 on Levels 2 and 4. When there was no
indication of possible ambiguity, GPT-4.1
outscored GPT-4.1 mini, but on Level 4, GPT-4.1
achieved a perfect score, while GPT-4.1 solved
80% of the tasks correctly. Levels 2 and 3 also
highlight an interesting difference between the
way instructions affect the models’ performance.
GPT-4.1 improved. While GPT-4.1 mini scored
better when the possibility of double meanings
was offered, the difference between “the
possible meanings” and “all possible meanings”
did not result in a better performance. In
contrast, for GPT-4.1, the difference in
instructions between Level 2 and 3 mattered, but
the direct mention of ambiguity did not between
Levels 3 and 4.



Results by ambiguity type: deep-structure
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Figure 4: Results of deep-structure ambiguity

tasks
Surprisingly, GPT-4.1 mini significantly
outperformed  GPT-4.1 in  deep-structure

ambiguity detection. Figure 4 shows that GPT-
4.1 mini scored 50% percent on Level 1, and
solved all tasks correctly on Levels 2-4, whereas
GPT-4.1 scored only 17% percent on Level 1,
and its performance peaked on Level 3, with a
drop on Level 4.

These results indicate that while GPT-4.1 is
better in detecting lexical ambiguity, GPT-4.1

mini surpasses the other model in structural
ambiguity detection. This strongly suggest that a
larger model size does not necessarily lead to
better performance.

As expected, whenever the possibility of
ambiguity was implied in the instructions, both
models offered various options as facts in all
cases, even when they failed to identify all
meanings. One such example is related to task
SP4 shown in Table 3 below. Neither of the two
models considered “tank” as a vehicle but
suggested that the gas was put into a gas
cannister on various levels. On Level 4, GPT-4.1
mini even identified the second sentence, “He
put some gas in the car’ as the ambiguous one,
and stated that the first sentence, “He put some
gas in the tank” is not ambiguous.

Context Original | Task type Ambiguity type | Context Note

ID study

SP4 Shultz | Sentence Lexical He put some gas | Both models failed all
and pair in the tank. He put | tasks using this context

Pilon some gas in the | text.

(1976) car. — Neither model
considered “tank” as a
vehicle, only as “gas
tank.”

SP11 Shultz Sentence Deep-structure | It is really quite | Both models failed all
and pair wonderful to see. | tasks using this context

Pilon It is really a |text

(1976) wonderful sight. — Neither model
considered the meaning
connected to a (lack of)
visual impairment.

Table 3: Interesting examples from the results

The examined models’ apparent difficulty to
detect semantic ambiguity unprompted carries
implications relevant to the study of neology.
Neology often begins in an ambiguous zone,
where a word or phrase is reused in a novel
context, and this new use is initially ambiguous
or inferable. Then, repeated contextual
anchoring stabilises a new meaning, and
ambiguity either persists (resulting in polysemy)
or resolves (resulting in specialisation).
Therefore, ambiguity could be seen as the
transitional state of neology before the new
meaning reaches high-enough frequency of use
(Bybee, 2006).

Metaphorical use of a word or phrase can also
result in neologisms (Bowdle & Gentner, 2005).
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Such examples are “virus” or “cloud” that
acquired new, abstract meanings in computing,
referencing the base concepts through similarity,
resulting in lexically ambiguous words. Early
uses were ambiguous and listeners relied on
pragmatic inference in uses such as “store your
files in the cloud” The sentence “The virus is
spreading.” remains  ambiguous  without
additional context despite the new meaning
having been lexicalised.

Future experiments testing LLMs semantic
ambiguity detection abilities could utilise
neologisms, and the results could reveal

frequency distribution between base concepts
and target concepts. Additionally, LLMs could be
tested on their ability to comprehend neologisms



in semantically ambiguous contexts. A possible
prompt for an experiment/pilot study could be the
following: “In the sentence ‘They left their data in
the cloud,’ list all plausible interpretations and
rank them by likelihood for usage in 2005, 2010,
and 2020.” The answers could be compared to
data from tools such as Google’s Books Ngram
Viewer.

4. Conclusion

The quantitative evaluation of LLMs presents an
ongoing challenge. To contribute to these efforts,
this study examined OpenAl's GPT-4.1 and
GPT-4.1 mini models in terms of semantic
ambiguity detection and comprehension. GPT-
4.1 mini linearly improved with more direct
instructions, while GPT-4.1 reached the same
percentage of correct solutions on Level 3 and
Level 4. The results show that without direct
instructions even advanced models, such as
GPT-4.1 and GPT-4.1 mini, tend to consider only
one possible meaning, most likely based on
word or phrase frequency. Additionally, this
experiment revealed that GPT-4.1 scores better
on tasks utilising lexical ambiguity, while GPT-
4.1 mini outperformed the larger model in
detecting structural ambiguity, implying that
model size is not directly linked to performance.
The findings of this experiment could be utilised
in neology research, as neologies are oftentimes
ambiguous, especially after emergence.

5. Limitations

The results of this study must be considered in
the light of its many limitations. Nevertheless,
while the experiment was small-scale, the results
show that a larger-scale experiment would be
beneficial.

Future research plans include building a larger
task set with a more balanced inclusion of
ambiguity types, as in the current task sheet
lexical ambiguity is over-represented. A similar
pilot study could be carried out on sentences
including recently coined ambiguous neologisms.
Furthermore, incorporating a human baseline
(native and non-native speakers with varying
levels of verified language proficiency) would
allow direct comparison between human and
LLM abilities in the semantic ambiguity detection
domain. To create more reliable assessments,
incorporating multiple runs and averaging the
results as well as a more nuanced assessment
scale are necessary for future experiments. After
refining the experimental design, the goal is to
test non-commercial as well as other
commercially available models.
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Abstract

Digital humanities scholars increasingly consult digitized historical newspapers to study how rumours travel, how
institutions respond, and how everyday publics negotiate credibility. Yet this interpretive work is slowed by two
bottlenecks: noisy OCR text that obscures variant spellings and layouts, and the absence of scalable semantic
annotations for what a rumour is “about” and how a text positions itself toward it (assertion, denial, attribution,
correction). | present a resource-building pipeline that links a previously validated retrieval workflow for rumour
discourse with a new evaluation setup for large language models as semantic annotators. From public-domain US
and UK newspapers (1804-1896), | derive sentence-level rumour instances and construct an 800-instance
balanced benchmark for (i) topical framing (7-way), (ii) evidential stance (4-way), and (iii) an optional audit flag for
temporal anachronism in model rationales. | also report a preliminary pilot with Gemini 2.5 Flash-Lite on a 200-
instance singly annotated subset, showing that structured JSON output is operationally stable and that evidential
stance appears more tractable than topical framing under the current prompt design. The outcome is a
transparent benchmark design and annotation protocol that can be extended to other periods and languages.

Keywords: digital humanities; historical newspapers; rumour discourse; semantic frames; evidentiality; large
language models; evaluation

an annotation framework for topical framing and

1. Motivation and digital humanities evidential stance, and (iii) a pilot evaluation

relevance setup for LLM-assisted analysis that remains
Rumours are not only false information; they are  €gible to humanists.
a historically situated genre through which | gjign the annotation task with practical DH

communitie_s register _uncertain_ty, manage risk, questions. For example: When do newspapers
and negotiate authority. In nineteenth-century  attripute rumours to named institutions versus
newspapers, rumours cluster around wars and  gnonymous correspondents? Do denials and
diplomacy, financial panics, epidemics, crime,  corrections concentrate around specific topics?
and moral anxieties—topics that also structure  Are gossip-like rumours framed differently across
the archival record that historians and literary  regions and decades? Answering such questions
scholars read today. Large-scale collections requires structured semantics, but it also

make it possible to trace these dynamics across  requires transparency about uncertainty and
decades, but the core DH challenge is pistorical context.

interpretability: scholars need evidence
for yv_hat ils being talked apout and hovy the text 2. Related work across DH and NLP
positions itself toward the circulating claim.

Historical newspaper analysis faces persistent
obstacles: OCR errors, layout artefacts, non-
standard orthography, and domain shift across
time and publication venues. These issues
motivate robust retrieval and cleaning methods,
as well as evaluation practices that report
uncertainty rather than hiding it. DH work has
My project contributes by treating LLMs  emphasized  collaborative  curation  and
as assistive annotators for rumour discourse: | interpretive workflows that combine
aim to speed up the first pass of corpus  computational signals with expert reading, rather
exploration while preserving the ability to audit  than one-shot automation.

and contest model decisions. This paper
describes (i) a benchmark derived from public-
domain US and UK newspapers (1804—1896), (ii)

The project also speaks directly to lexical change
and semantic evolution, since rumor-marking
and evidential formulas such as it is said, we
learn, and a correspondent writes shift in
frequency and function across the nineteenth
century.

In rumour studies, historians have treated false
or unverified news as a window into social
psychology and information ecologies, from
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wartime “false news” to moral panics. In NLP,
stance detection and framing analysis are well
studied for modern sources, but label sets and
model behaviors often assume present-day
discourse conventions and do not account for
historically specific evidential formulas such
as we learn, it is rumored, or a correspondent
writes.

Modern stance-detection work typically targets
contemporary discourse and assumes relatively
stable present-day evidential conventions. By
contrast, historical NLP must contend with OCR
noise, orthographic variation, and temporal
domain shift, while nineteenth-century
newspapers also rely on period-specific formulas
of attribution, hedging, and correction. My
benchmark adapts stance-style annotation to this
setting by combining a retrieval workflow
validated in a DH venue with prompts that
explicitly discourage presentist reasoning and
require textual grounding.

3. Data and derived units

Source corpora include public-domain
newspaper datasets for the US and the UK. The
material spans 1804-1896 and covers diverse
genres, including local news, international
dispatches, editorials, and advertisements
embedded in text streams. | treat the rumour
instance as the core unit: a sentence, or short
sentence group, that asserts, attributes, denies,
or corrects a circulating claim.

Using an established two-phase workflow
(structural OCR cleaning and orthography-robust
retrieval), | identify candidate rumour sentences
in the two corpora. Dependency patterns are
used only at the retrieval stage to recover
proposition-like instances despite historical
variation and OCR noise. After light filtering, |
remove severely corrupted OCR spans, exact or
near-duplicates, and non-informative fragments
lacking a recoverable rumour proposition. The
benchmark is built through retrieval, sampling,
and human annotation; LLMs do not create gold
labels.

From this candidate pool, | construct a balanced
benchmark sample for annotation and
subsequent LLM evaluation. The current sample
contains 800 instances, evenly divided by region
(400 US, 400 UK) and distributed across mid-
century time bins so as to capture major shifts in
press infrastructures, including telegraphy and
news agencies, without over-representing any
single period. Because annotation is still ongoing,
the present paper does not yet define a final
train/dev/test partition; instead, it focuses on
benchmark construction, annotation protocol,
and an initial pilot subset of 200 annotated
instances. The current pilot uses Gemini 2.5
Flash-Lite only.
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4. Annotation targets and
interpretive rationale

Each rumour instance is annotated along two
axes: topical framing and evidential stance.
Topical framing captures the primary social
domain in which the rumour is presented, using
seven labels: WAR_DIPLOMACY,
MARKETS COMMERCE, CRIME_JUSTICE,
HEALTH_EPIDEMIC, POLITICS_PUBLIC_LIFE,
SCIENCE_TECHNOLOGY,

and SOCIAL_CULTURAL_LIFE. Evidential
stance captures how the text positions the
circulating claim, using four labels: ASSERTED,

ATTRIBUTED, HEDGED,
and DENIED CORRECTED.
Each instance receives one label per axis.

Annotators assign the topical-framing label that
best matches the primary domain foregrounded
in the passage rather than all potentially relevant
themes. For evidential stance, ASSERTED is
used when the claim is presented with minimal
hedging, ATTRIBUTED when it is linked to a
named or inferable external
source, HEDGED when uncertainty or rumor-
marking language is foregrounded without clear
attribution, and DENIED_CORRECTED when a
circulating claim is explicitly rejected, corrected,
or countered.

To improve consistency, the guidelines prioritize
local textual evidence over inferred background
context. Formulaic expressions such as it is
said, we hear, or we learn are treated
as HEDGED unless the wording clearly
attributes the claim to a specific source, in which
case ATTRIBUTED is preferred. Likewise,
passages that repeat a circulating claim only in
order to reject it are
labeled DENIED_CORRECTED rather
than ASSERTED.

4.1 Mini-examples for label legibility

The protocol includes short representative
examples to keep the labels intelligible for
humanities readers and annotators. For
evidential stance, ATTRIBUTED is illustrated by
formulations such as “A dispatch from Vienna
states that ...”; HEDGED by “It is rumored that
cholera has
appeared ...”; DENIED_CORRECTED by “The
report of a bank failure is unfounded ..7;
and ASSERTED by “The prisoner confessed ...".
These examples are not substitutes for historical
reading, but scaffolding that helps annotators
recognize period-appropriate evidential signals
and avoid importing contemporary assumptions.



5. Human annotation protocol and
adjudication

Because DH resources must be trustworthy and
reusable, this paper specifies a lightweight but
explicit human annotation protocol. Annotators
receive (i) the cleaned rumour span, (ii) minimal
metadata (year, region), and (iii) label definitions
with decision rules. They do not receive full
article context by default, in order to keep the
unit comparable with model inputs; however,
optional context lookup is permitted when OCR
fragmentation or severe ambiguity makes the
span difficult to interpret.

The benchmark is designed for full double
annotation by two human annotators with
backgrounds in digital history, including the
author and a second annotator. Each instance
receives one topical-framing label and one
evidential-stance label. At the time of submission,
200 instances have been annotated by the
author as an initial pilot subset, while full double
annotation of the 800-instance benchmark is
ongoing. After independent annotation,
disagreements will be reviewed in adjudication
sessions, with brief notes recorded for recurrent
borderline cases. These notes are intended to
form part of the released resource
documentation and to make interpretive
decisions transparent for future users.

Once the double-annotation pass is complete, |
will compare the two annotators’ decisions,
revise guideline wording where necessary, and
produce an adjudicated gold set for subsequent
model evaluation. Because annotation is still in
progress, | do not yet report inter-annotator
agreement; instead, the present paper reports a
preliminary model pilot on the singly annotated
subset.

6. Pipeline overview and LLM
prompting

| organize the project as a reproducible pipeline
from corpus to benchmark construction, human

annotation, and model evaluation. Phase A
produces cleaned rumour candidates and
structured metadata. Phase B

evaluates ChatGPT, Claude, and Gemini as
semantic annotators under historically informed
prompting. My aim is not to construct an
exhaustive leaderboard, but to compare how
widely used general-purpose LLMs handle
topical framing and evidential stance in
nineteenth-century rumour discourse under
controlled prompt conditions.

| test three prompt variants: P1 (minimal label
definitions), P2 (definitions plus short historical
examples), and P3 (definitions plus a caution
against presentist reasoning and a requirement
to cite local textual evidence). For the present
pilot, | generate a single structured response per
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instance and retain full model outputs, including
predicted labels and rationales, in order to
support auditing and later re-analysis.

Each model takes as input a cleaned sentence
span with minimal metadata (year, region), and
produces as output a topical frame, a stance
label, an optional audit flag, and a short
justification grounded in quoted words or
phrases. In the current submission, | use this
setup for a preliminary pilot with Gemini 2.5
Flash-Lite on a singly annotated 200-instance
subset. The pilot reported here uses the P3
prompt variant. For the current pilot, Gemini 2.5
Flash-Lite produces one structured response per
instance, and pilot results are reported as
diagnostic accuracy against the available single-
annotator reference labels. Full comparative
evaluation across models will follow once the
adjudicated benchmark is complete.

7. Evaluation plan and DH-oriented
reporting

| outline the full evaluation framework for
ChatGPT, Claude, and Gemini once the
adjudicated benchmark is complete. As an initial
pilot, however, | run Gemini 2.5 Flash-Lite on a
singly annotated subset of 200 instances in order
to test prompt usability, inspect output rationales,
and identify recurrent error types before full-
scale comparative evaluation.

Standard metrics such as macro-F1 and
confusion matrices remain necessary, but are
insufficient for DH use on their own. | therefore
also plan to report per-region and per-period
breakdowns and audit-flag rates in order to
capture temporal variation and unsupported or
presentist rationalization.

Gemini returned valid structured JSON for all
200 cases, indicating that the prompt and output
schema are operationally stable for batch
annotation. On this preliminary subset, the model
achieved 0.66 accuracy for topical framing and
0.745 accuracy for evidential stance when
compared against the available single-annotator
reference labels. The pilot used the P3 prompt
variant and is intended as a diagnostic rather
than benchmark-final evaluation, helping me test
prompt stability, output structure, and recurrent
confusion patterns before full adjudicated
comparison. Because the current pilot subset is
singly annotated and label distributions are
uneven, | treat these scores as provisional
evidence of task feasibility rather than as final
performance claims.

In the pilot, topical framing is strongest for

WAR_DIPLOMACY and
MARKETS _COMMERCE, and weaker for
broader categories such as
SOCIAL_CULTURAL_LIFE. For stance,
performance is strongest on the dominant



HEDGED class. Even so, the pilot is useful for
validating the prompt design and identifying
confusion patterns for later adjudicated
evaluation.

I complement aggregate scores with qualitative
error typologies that matter for interpretation.

Recurrent categories include (i) collapsing
WAR_DIPLOMACY into
POLITICS PUBLIC LIFE when dispatches

mention ministers or cabinet changes; (i)
confusing ATTRIBUTED with HEDGED in
formulaic phrases such as it is said or we learn;
and (iii) over-triggering HEALTH_EPIDEMIC for
metaphorical uses of terms such as plague.

7.1 A DH use case: mapping credibility

work

As an illustrative DH use case, | propose a
credibility work map that combines topical
framing with evidential stance to identify where
newspapers perform verification, denial, or
distancing. For example, a spike
in DENIED_CORRECTED
within - MARKETS _COMMERCE during a
financial panic can be read alongside editorials
about speculation and information flows.
Likewise, persistent ATTRIBUTED stance
within WAR_DIPLOMACY may highlight reliance
on telegraphed dispatches and named
correspondents.

8. Resource plan (LRE Map)

| plan to release the benchmark and protocol as
a DH-facing language resource with clear
documentation. The release package will
separate (a) benchmark text spans and
metadata, (b) human annotations and
adjudication notes, and (c) model outputs
produced under documented prompt conditions.
It will also include normalization notes,
dependency-pattern templates used in retrieval,
label definitions, and examples for ambiguous
cases, so that the resource remains reusable
beyond a single model or corpus.

9. Conclusion

| have described a DH-grounded resource-
building pipeline that connects robust rumour
retrieval in historical newspapers with an
annotation framework and an evaluation design
for LLM-based topical framing and evidential
stance analysis. Rather than presenting a
completed benchmark, the paper introduces a
concrete protocol for constructing one in a
transparent and historically sensitive way. The
preliminary Gemini pilot shows that structured
model output is operationally feasible, while also
highlighting the need for fuller annotation and
adjudication.
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Next steps include completing double annotation
and adjudication for the balanced 800-instance
benchmark, releasing prompt templates and
evaluation scripts, extending the pilot to
additional models, and testing the resource with
DH researchers.

10. Limitations and ethical
considerations

Historical newspapers contain sensitive material,
including racialized language, moral panics, and
stigmatizing descriptions that may be reproduced
or amplified by automated tools. | therefore
recommend that downstream users treat the
benchmark as an index for scholarly inquiry
rather than as a stand-alone truth source, and
that they document interpretive choices when
using model annotations in publications. When
releasing model outputs, | will include guidance
on handling harmful content and on avoiding
over-interpretation of noisy OCR spans.

Methodologically, the scheme is intentionally
compact in order to suit a short paper and a first
resource release; it does not yet capture richer
discourse structure such as multi-step attribution
chains, editorial genre differences, or networked
rumour propagation across titles.

11. Reproducibility and planned
release

To make the resource reusable for DH
audiences, | will publish a compact “how to cite
and reuse” guide alongside the benchmark,
including provenance fields, a recommended
citation, and a changelog. | will also release
prompt templates and evaluation code so that
other researchers can rerun the annotation
experiment with different models or local
systems. Because reproducibility in historical
corpora is complicated by OCR post-processing
and collection updates, | store both the cleaned
span used for annotation and a pointer back to
the raw source text whenever stable identifiers
are available; otherwise, | provide hashed text
fingerprints for alignment across releases.

12. lllustrative micro-reading: how the
labels support interpretation

To demonstrate how the scheme supports
interpretation rather than purely technical
classification, | outline a simple micro-reading
workflow. A researcher interested in epidemic
rumours, for example, can filter the corpus
for HEALTH_EPIDEMIC and compare stance
patterns across periods and regions: are
rumours mainly HEDGED, ATTRIBUTED,
or DENIED_CORRECTED? A similar workflow
applies to MARKETS_COMMERCE during
financial panics, where correction labels may
point to editorial interventions aimed at calming



markets or managing reputational risk. By linking
each label to quoted evidence in the local span,
the resource is designed to support exploratory
mapping while keeping close reading central.

13. References

Allen, B., Sieczkiewicz, R., & Radev, D. (2020).
What's hard about historical newspaper analysis?
Technical Report, University of Michigan.

Bloch, M. (1921). Réflexions d’un historien sur
les fausses nouvelles de la guerre. Revue de
Synthése Historique, 33, 13-35.

Furnas, G. W., Landauer, T. K., Gomez, L. M., &
Dumais, S. T. (1987). The vocabulary problem in
human-system communication. Communications
of the ACM, 30(11), 964-971.

Mueller, M. (2014). Shakespeare His
Contemporaries: Collaborative curation and
exploration of early modern drama in a digital
environment. Digital Humanities Quarterly, 8(3).

PlelAs. (n.d.). US-PD-Newspapers (Hugging
Face dataset).
https://huggingface.co/datasets/PlelAs/US-PD-
Newspapers

Reimers, N., & Gurevych, I. (2019). Sentence-
BERT: Sentence embeddings using Siamese
BERT-networks. Proceedings of EMNLP-IJCNLP
2019, 3982-3992.

Smith, D. A., & Cordell, R. (2018). A research
agenda for historical and multilingual optical
character recognition. NULab Working Paper.

biglam. (n.d.). hmd_newspapers (Hugging Face
dataset).
https://huggingface.co/datasets/biglam/hmd_new
spapers

70



Author Index

Abuczki, Agnes, 39, 53
Delgado, Bianca, 47
Hosseini-Kivanani, Nina, 27

Madeira, Pedro, 39
Moitinho de Almeida, Vera, 39

Richter, Ganit, 39
Rossini, Diego, 1

Tamas, Lili, 60
Ujkani, Berat, 39

Valunaite Oleskeviciene, Giedre, 39, 53
van der Plas, Lonneke, 1

Wein, Shira, 47

Zaghouani, Wajdi, 16
Zhang, Wanshu, 66

71



	Program
	From 124 Million Tokens to 1,021 Neologisms: A Large-Scale Pipeline for Automatic Neologism Detection
	High Resource Bias in AI-Driven Neology: Structural Inequality in Lexical Innovation
	Do LLMs Know What Luxembourgish Borrows? Probing Lexical Neology in Low-Resource Multilingual Models
	Lexical Innovation in Business Colour Idioms: Evidence from Large Language Models in Five Languages
	Where in Semantic Space Do Spanish Neologisms Emerge?
	Assessing the Pragmatic Competence of LLMs Regarding Novel Discourse Markers in Digital Communication
	A Comparative Evaluation of Semantic Ambiguity Detection in Two LLMs
	LLM-Based Frame and Stance Annotation for 19th-Century Rumour Discourse in US and UK Newspapers

