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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

Py 1(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.

20

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 (lcelandic) 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-

22

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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