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Abstract 
Traditional definitions of language resourcedness fail to capture the structural inequalities embedded 

in LLMs’ pre-training data. While historical classifications rely heavily on sociopolitical vitality, 

artifacts, and human resources, a language’s real-world robustness no longer guarantees equitable 

algorithmic representation. To address this disparity, this paper proposes a novel tripartite 

framework that combines four established exogenous criteria with a relative endogenous 

quantitative metric: a language must hold a dominant or co-dominant statistical share of an LLM’s 

pre-training dataset to be classified as high-resource. Under this new paradigm, languages with 

strong societal infrastructure but marginal AI data representation, such as Italian and German in 

LLMs like GPT-3, are accurately reclassified as few-resource, while those lacking both real-world 

and digital infrastructure remain low-resource. Despite industry trends toward data opacity, adopting 

this precise terminology equips researchers with the tools to expose engineered linguistic disparities, 

challenge the false equivalence of traditional labels, and advocate for genuinely equitable, 

multilingual AI systems. 
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1 Introduction 

 

For decades, the term low-resource1 has served as a crucial, if imperfect, shorthand 

in corpus and computational linguistics. It has been used to categorise languages 

that lack the requisite data, tools, or investment to benefit from advances in natural 

language processing (NLP). Historically, the definition of a low-resource language 

(LRL) has been context-dependent, evolving from a descriptor of computational 

scarcity in the 1940s and 1960s to a proxy for data scarcity in the statistical NLP 

era of the 1990s and 2000s. However, the advent of large language models (LLMs) 

has precipitated the term into a definitional crisis.  

The very concept of what it means for a language to be resourced is being 

challenged by the unique constraints of the LLMs’ pre-training paradigm. 

Supporting a wide variety of languages is crucial for applications like search 

engines, voice assistants, and chatbots, as a broad language support allows more 

 
* Special thanks are due to Prof. Dr. Anna-Maria De Cesare and two anonymous referees for their 

invaluable suggestions, particularly regarding the refinement of the criteria used to classify high-, 

few-, and low-resource languages. Their feedback not only enriched the paper with a greater 

plurality of perspectives but also significantly enhanced the efficacy of the discussion. 
1 In the literature, many alternative terms are found, such as digitally-disadvantaged, less-resourced, 

resource-poor, under-resourced, underserved, understudied, zero-resource, among others. 
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users to access these tools in their native language (Pakray et al. 2025). Nonetheless, 

while there are over 7,000 languages in the world (Eberhard et al. 2025), many 

applications only provide support for a highly restricted number of languages. 

Despite LLMs showing impressive multilingual abilities, their pre-training 

data has been predominantly English-centric. Thus, this paper argues that the 

current LLM pre-training paradigm has created a new set of hidden constraints that 

render traditional definitions of LRL obsolete. Furthermore, we posit that even 

languages with large speaker populations and significant digital footprints, such as 

Italian and German, function similarly to LRL within the LLM ecosystem. On the 

one hand, these languages may suffer from systemic underperformance due to pre-

training data contamination, architectural biases, and the pervasive influence of 

English interference. On the other hand, these new constraints are not merely 

additive for endangered and minority languages. Instead, they compound traditional 

challenges and lead to a decline in performance and utility.2 We will take Cimbrian, 

an endangered Upper German variety in the Trentino-South Tyrol region in Italy, 

into consideration (cf. Bidese 2021).3 

This paper is structured in four sections. After the Introduction, Section 2 

provides a historical overview of the evolution of resource language definitions, 

tracing their path from computational constraints to the multidimensional 

frameworks of today. Section 3 analyses the LLM training paradigm as a new 

constraint vector, presenting evidence of systemic bias and performance 

degradation, offering case studies of this phenomenon, first examining Italian and 

German as examples of “hidden” resource constraints and then exploring the 

exponential degradation faced by endangered languages, such as Cimbrian. Finally, 

Section 4 proposes a new, multi-dimensional resource framework tailored to the 

LLM era, incorporating AI-specific criteria. 

 

2 The historical evolution of language resourcedness 

 

In the initial decades of natural language processing (NLP), spanning from the late 

1940s to the late 1960s, the primary constraints on applications were computational, 

rather than linguistic (Jones 1994: 4). At the time, machine access was extremely 

limited, processing speeds were slow, and storage capacity was minimal, 

particularly when judged by modern standards, which created significant hurdles 

for researchers. Crucially, the problem was therefore understood to be rooted in the 

 
2 As AI-generated content increasingly floods the web, it dilutes the already sparse pool of human-

written data for these languages, creating a negative feedback loop that leads to a rapid decline in 

downstream performance. 
3 To illustrate this phenomenon, the following analysis examines qualitative examples from Italian, 

German, and Cimbrian. These languages were purposefully selected due to the author’s native 

and/or academic linguistic proficiencies, which enables a qualitative assessment of the nuanced 

cross-linguistic interference and syntactic deviations present in the LLMs’ multilingual outputs. 

While these examples serve an illustrative purpose for this conceptual framework, they effectively 

highlight the varying degrees of algorithmic marginalisation across different resourcedness tiers. 
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available technology and formalisms, not in the languages themselves. As Jones 

(1994) highlights, the field was centred on the ambitious goal of machine 

translation, mainly involving Russian and English, with some minor efforts on 

Chinese, and languages were not yet characterised by the term low-resource. This 

focus on technology continued throughout the 1960s and 1970s, even as the domain 

broadened to incorporate semantic representation and knowledge bases (Jones 

1994: 6). Compared to the sophisticated analysis involved in contemporary machine 

translation (MT), the input to early systems was limited, and the language 

processing was very basic. 

The 1990s heralded a significant departure from earlier rule-based systems 

toward statistical methods, a period that Jones (1994: 10–11) described as the 

“massive data-bashing period”. This change fuelled a heightened interest in using 

corpora to identify patterns of linguistic occurrence and co-occurrence, which in 

turn could be applied to compute syntactic and semantic preferences. Crucially, this 

shift had a profound impact on the concept of LRL. As the new models became 

dependent on large datasets, the vast majority of the world’s languages were 

suddenly redefined as under-resourced, since statistical models could not be 

effectively trained without extensive annotated text corpora.4 

Nowadays, pre-trained LLMs have become a cornerstone of modern NLP 

pipelines because they often produce better performance from smaller quantities of 

labelled data (Devlin et al. 2019; Radford et al. 2018, 2019). The critical concept 

is, therefore, pre-training: an unsupervised or semi-supervised learning process 

where neural networks acquire language understanding. This is achieved by 

performing tasks like sequence labelling or text classification on vast amounts of 

textual data (Radford et al. 2018). The usefulness of pre-trained LLMs was 

subsequently confirmed by the discovery that they could perform valuable tasks 

without further training. This led to a continuous trend toward increasing scale, 

driven by the empirical observation that LLM performance generally improves with 

greater size (Le Scao et al. 2023: 3).  

However, the emergence of this data-driven environment creates the 

fundamental challenge of defining LRLs within the context of LLMs. 

 
Less than 5 percent of the roughly 7,000 languages spoken around the world today have meaningful 

online representation, leading to what has been called a “digital language death”—when the lack of 

technological support for a particular language precipitates its decline. Today, languages that are not 

fully digitally supported are less likely to be recorded—never mind included in AI model training 

datasets. As a result, language resourcedness varies widely. (Pava et al. 2025: 8) 

 

 
4 It is crucial here to distinguish between raw data (plain, unannotated digital text) and annotated 

data (structured text enriched with linguistic, semantic or metadata tags). While raw data for many 

minority languages may exist on the web, the performance of LLMs depends heavily on annotated 

corpora and high-quality datasets. These require significant human labour and computational 

infrastructure, which minority language communities usually lack. 
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Foundational work, such as Joshi et al. (2020) and Simons et al. (2022), attempted 

to systematise resource classification by introducing taxonomies based strictly on 

the availability of labelled and unlabelled data. Figures 1 and 2 illustrate the 

schematic representations adapted from these studies. 

 

 
Figure 1: Taxonomy of language resourcedness by Joshi et al. (2020). 

 

 
Figure 2: Taxonomy of language resourcedness by Simons et al. (2022) from Bird (2026). 
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At the lowest tier, the Left-Behinds (Class 0) represent digitally isolated languages 

lacking both labelled and unlabelled data, a category overlapping with Simons et 

al. (2022)’s Still layer which contains the vast majority of the world’s languages 

(3,277) that remain completely unsupported. The Scraping-Bys (Class 1) possess      

limited unlabelled data but require structured, community-driven efforts to build 

labelled corpora, correlating with the Emerging (3,252 languages) and Ascending 

(456 languages) tiers where partial digital support begins to materialise. The 

Hopefuls (Class 2) show early promise through active support communities and 

small, existing labelled datasets, whereas the Rising Stars (Class 3) benefit 

significantly from unsupervised pre-training due to a strong web presence, yet 

remain bottlenecked by a lack of labelled data. Finally, the Underdogs (Class 4) 

possess massive amounts of unlabelled data and dedicated research communities, 

positioning them just below the Winners (Class 5). These top-tier winners map 

directly to the pyramid’s elite Vital (108 languages) and Thriving (32 languages) 

tiers, representing the dominant, exceptionally high-resource languages backed by 

extensive datasets and substantial industrial and government investments. 

These taxonomies correctly show that many LRLs, despite being spoken by 

a considerable portion of the global population, frequently lack the essential digital 

resources and tools to fully benefit from advancements in NLP (Salammagari & 

Srivastava 2024: 245).5 However, as Bird (2026) argues, traditional paradigms of 

resource evaluation often fail to capture the complex realities of marginalised 

languages by relying fundamentally on absolute data quantities. 

Proposing a more nuanced taxonomy to define language resourcedness, 

Nigatu et al. (2024: 17755–17757) shift the focus from a purely data-centric view 

to a multi-dimensional framework of four interacting criteria: 

 

(i) Sociopolitical factors: societal, economic, historical, and political forces 

(e.g. financial constraints of data curation, colonial influences that limit 

language use in mainstream media, government, and education); 

(ii) Human and digital resources: the availability of expert support (such as 

native speakers, linguists and NLP researchers) and the level of digital 

presence, where a lack of access to digital devices prevents language 

communities from being represented in standard web crawls and scraping; 

(iii) Artifacts: the physical or digital availability of language tools, divided into 

linguistic knowledge (e.g. descriptions, orthographic standardisation), data 

(quantity, quality, benchmarks) and technology (from pre-processing tools 

to pre-trained multilingual LLMs); 

 
5 A distinction must be made between (i) strictly oral languages, (ii) languages with both spoken and 

written traditions, and (iii) extinct or historical languages preserved only in written form. Since 

current LLMs scale primarily on textual data, the focus rests on the challenges faced by languages 

that possess a written standard but lack high-quality textual assets required by current NLP 

technologies. 
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(iv) Agency: the role of community members in decision-making, as language 

technology must be actively designed by and for the communities to reflect 

their specific values. 

 

In fact, LRLs are rarely just data-scarce. As Kaffee et al. (2023: 10:7) note, they are 

systematically “less studied, [...], less computerised, less privileged, less commonly 

taught, or low density, among other denomination.” 

The issue is that the current LLM pre-training paradigm disadvantages not 

only LRLs as defined by Kaffee et al. (2023), but also languages that, according to 

Nigatu et al. (2024)’s resourcedness framework, (i) face minimal political and 

economic constraints, (ii) boast millions of speakers and are academically studied, 

(iii) have existing corpora, and (iv) generate numerous resources daily. As 

Hämäläinen (2021: 1–2) affirms: 

 
At any case, I would never call my native language low-resourced. Why is this, you might ask? 

Calling Finnish low-resourced is denying the fact that we have our own TV shows, movies, music, 

theater plays, novels and other cultural products in Finnish. And I am not even talking about small 

numbers here. Besides, Finnish is a language of education, there is no level of schooling you could 

not complete entirely in Finnish, from preschool to defending your PhD. Yes, our language is small 

on a global scale, but we do have a whole bunch of resources we generate every day by 

communicating with each other! 

 

It is the very architecture of contemporary AI systems, characterised by massive, 

web-scale pre-training on predominantly English data which creates a systemic bias 

that disadvantages nearly all other languages. Nonetheless, this issue goes beyond 

mere data volume, encompassing data composition, underlying architectural 

assumptions, and the political and economic forces driving model development. 

Consequently, a tiered system of linguistic performance emerges. Even languages 

with substantial resources show biases and deficiencies, and LRLs face 

exponentially increasing marginalisation. This occurs even when LRLs possess 

extensive digital and non-digital documentation and active communities of practice, 

all of which are disregarded by this exclusively data-driven methodology (cf. 

Hämäläinen et al. 2021). 

 

3 Linguistic bias within the current AI paradigm 

 

As we have already stated, the pre-training data for foundational LLMs exhibits a 

significant linguistic imbalance, heavily favouring English. For instance, 

approximately 93% of the data used for the now-dated GPT-3 model was in English 

(Brown et al. 2020). A similar pattern is evident in LLaMa 3.1, which allocated 

only 8% of this to multilingual content, despite being pre-trained on a massive 15 

trillion-token dataset (cf. Grattafiori et al. 2024). This 8% multilingual portion 

spans 176 languages, meaning the remaining 92% of the dataset, primarily English, 

overwhelmingly outweighs the representation of all other languages combined 
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(ibid.). Consequently, many widely spoken languages (possessing an established 

written tradition; cf. Footnote 5) are severely underrepresented in the training 

corpus. The data distribution in LLMs like GPT-3 (Johnson et al. 2026) often shows 

a notable disparity when compared to the global number of speakers for various 

languages (Eberhard et al. 2025). For example, despite having 558 million speakers, 

Spanish only constitutes 0.8% of the data. Similarly, French, with 312 million 

speakers, accounts for 1.8%; German, with 134 million speakers, accounts for 

1.5%; and Italian, with 66 million speakers, accounts for just 0.6%. 

It is, however, important to acknowledge that the multilingual capabilities 

of LLMs are not inherently detrimental. Cross-lingual transfer can yield significant 

positive effects, particularly by improving performance for underrepresented 

languages when compared to purely monolingual systems (Conneau et al. 2020; 

Wu & Dredze 2020). Shared architectural representations allow lower-resource 

languages to leverage the syntactic and semantic knowledge of higher-resource 

languages. For instance, recent empirical work on endangered language pairs, such 

as the application of contextual embeddings for bilingual sentence mining in Upper 

and Lower Sorbian (Okabe & Fraser 2025) or speech recognition for Ryukyuan and 

Ainu, two dialects of Japan (Matsuura et al. 2026), demonstrates that targeted pre-

training can facilitate positive cross-lingual transfer within related linguistic 

families.  

However, while these architectures enable basic multilingual generation, 

recent efforts, such as NLLB-200 (No Languages Left Behind; cf. Costa-jussà et al. 

2022), Seamless (cf. Barrault et al. 2023) and Omnilingual SONAR (Janeiro et al. 

2026) by Meta AI, indicate that relying solely on cross-lingual transfer is 

insufficient. Empirical evidence from machine translation tasks involving over 

1,500 languages in the BIBLE dataset within a state-of-the-art foundational 

embedding space trained on 200 languages reveals that translation quality fails to 

reach a “passable” threshold for the vast majority of languages, even when 

translating into English (Janeiro et al. 2026). Furthermore, Chang et al. (2026) 

reveals that multilingual LLMs struggle so significantly with basic next-token 

prediction in low-resource contexts that they are frequently surpassed by simple 

baseline bigrams, traditional statistical models that predict a word’s probability 

based on the raw count of the single word immediately preceding it. Notably, 

compact monolingual models (125M parameters) for 350 different languages 

trained on 1 GB of data or less can outperform larger multilingual LLMs in 

perplexity and grammatical accuracy (Chang et al. 2026). This suggests that cross-

lingual transfer should primarily be viewed as a fall-back when developing 

language-specific high-quality, annotated datasets is not feasible. 

In addition, multilingual datasets inherently reflect the linguistic patterns, 

stereotypes, and cultural attitudes of their source societies (Johnson et al. 2026), 

which inevitably leads to the propagation of intrinsic biases related to ethnicity 

(Mitchell et al. 2025), gender (Savoldi et al. 2025), and socio-economic status (cf. 

Ferrara 2023: 4). This phenomenon is specifically referred to as data bias: 
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distortions resulting from the unequal distribution of information within the 

foundational data which proves that cross-lingual transfer, while technically 

functional, often erodes the integrity of marginalised languages (Laskar et al. 2026). 

Recent research increasingly examines the linguistic influence of English 

on the multilingual outputs of various LLMs. Several studies focusing on Italian 

document this trend, revealing deviations from standard Italian norms. These 

include, albeit not comprehensively, variations in syntax and information structure 

(Cicero 2023, 2025; De Cesare 2025, 2026), orthography (Tavosanis 2024; e.g., 

clarezza vs. chiarezza ‘clarity’), calques and borrowings (De Cesare 2024, 2026; 

Tavosanis 2024; cf. Example 1), the use of commas with sentence-initial adverbs 

and adverbials, and in syndetic constructions (De Cesare 2023, 2026; cf. Examples 

2 and 3, respectively), a preference for pre-verbal subject positioning (Antonelli 

2024, 2025), occasional marked sentence structures6 (Tavosanis 2025), and the 

over-codification of highly accessible discourse referents (De Cesare 2025; cf. 

Example 4) 

 

(1) In italiano, spesso si omittano i pronomi soggetto poiché la coniugazione 

verbale fornisce già informazioni sulla persona. 

‘In Italian, subject pronouns are often omitted because the verb conjugation 

already provides information about the person.’ [GPT-3.5, De Cesare 2024: 

81; my transl.] 

 

(2) Inoltre, la Hack ha ricevuto numerosi premi [...]. 

‘In addition, Hack has received numerous awards.’ [GPT-3.5, De Cesare 

2023: 204] 

 

(3)  Eleonora Duse era nota per le sue intense interpretazioni dei drammi di 

Gabriele d’Annunzio, Anton Cechov, e Henrik Ibsen. 

‘Eleonora Duse was known for her intense performances of the plays by 

Gabriele d’Annunzio, Anton Chekhov, and Henrik Ibsen.’ [GPT-4, De 

Cesare 2024: 86; my transl.] 

 

(4) Eleonora Duse nacque il 3 ottobre 1858 a Vigevano, in Italia, in una 

famiglia di attori. Spesso riconosciuta come una pioniera del metodo di 

recitazione, Eleonora Duse è notoriamente nota per il suo contributo unico 

e affascinante all’industria del teatro. 

 
6 Tavosanis (2025) identifies 18 total deviations within a 7,039-word corpus, averaging one error 

every 391 tokens. The taxonomy reveals that the most frequent disruptions involve coordinate 

constructions, specifically the heterogeneity of coordinated elements (5 occurrences) and faulty 

links in correlative pairs (1 occurrence). These are accompanied by the non-explicitation of 

necessary structural elements (3 occurrences), alongside recurring errors in number agreement, 

preposition selection, and article usage (2 occurrences each). 
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‘Eleonora Duse was born on October 3, 1858, in Vigevano, Italy, into a 

family of actors. Often recognized as a pioneer of the acting method, 

Eleonora Duse is famously known [famous] for her unique and fascinating 

contributions to the theatre industry.’ [GPT-4, De Cesare 2025: 46] 

 

Taken together, these linguistic deviations unequivocally demonstrate that the 

textual competence of LLMs in Italian is systematically conditioned by cross-

lingual interference from English. While the resulting prose may appear 

superficially fluent, it violates the macro-rules of structure, cohesion and style 

inherent to Italian. 

German AI-generated texts, similarly, exhibit a noticeable English 

influence, particularly concerning reference management and agent realisation 

(Matthies 2025). This cross-lingual interference manifests as an overproduction of 

the impersonal agent (unpersönliches Agens), deviating from traditional German 

academic prose that typically favours agent declassification (Agensdemotion) via 

the passive voice and nominalisations (cf Example 5).  

 

(5) Dieses Kapitel untersucht die Charakteristika […] der Relativsätze im 

Althochdeutschen und bietet Einblicke in ihre Funktion und Verwendung in 

verschiedenen Textsorten. 

‘This chapter examines the characteristics [...] of relative clauses in Old 

High German and provides insights into their function and usage in various 

text types.’ [GPT-4, Matthies 2025: 104; my transl.] 

 

Furthermore, syntax in German AI-generated texts displays a pronounced 

inclination toward SVO word order and reduced syntactic variability compared to 

texts produced by humans. According to Valentinelli (2026), AI-generated German 

texts exhibit a notably higher frequency of the Subject-Verb-Object (SVO) word 

order (cf. Example 6), constituting 38.3% to 83.1% of sentences, significantly 

surpassing the mean of 48.2% observed in a comparable human-authored reference 

corpus (Valentinelli 2026: 14–18).7  

 

(6) Die EU muss jetzt ihre Politik und ihre Institutionen an die neue Realität 

anpassen und sicherstellen, dass sie weiterhin effektiv und relevant bleibt. 

‘The EU must now adapt its policies and its institutions to the new reality 

and ensure that it remains effective and relevant.’ [llama-3.1-405b-instruct, 

Valentinelli 2026: 19] 

 

Evidently, while the subject remains the most frequent initial element, other 

constituents follow in descending order of occurrence: adverbs (29.7% in the H-

 
7 As noted by Valentinelli (2026), this structure effectively mirrors the fixed Subject-Verb-Object 

(SVO) order typical of English, despite the inherent V2 (Verb Second) nature of German syntax. 
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corpus versus 24.4% in the AI-corpus), direct objects (12.9% versus 0.5%), 

conjunctions (6.7% versus 3.3%), predicates (2.1% versus 1.3%), and, finally, 

whole sentences (1.7% versus 2.7%) (Valentinelli 2026: 18–29). 

The examples presented so far, while not uniquely English linguistic 

features, clearly stem from an imbalanced pre-training dataset. As anticipated, these 

cross-lingual transfers are even more pronounced for LRLs. To illustrate this, let us 

now consider Example (7), which involves Cimbrian. As an endangered Upper 

German variety spoken in the Trentino-South Tyrol region of Italy (cf. Bidese 

2021), Cimbrian is classified as an LRL according to Nigatu et al. (2024). 

 

(7) In Lusern hot si am Sundàg gòte wàlo gsejn. Di Leit hoben gòte g’hòt unt 

di stimmen zò gòpe g’lòsn. Di neje president vo di Gemàinde isch Maria 

Toller, a frau mit fil g’muat unt g’spür fir di zimbarische sachn. 

‘On Sunday, elections took place in Luserna. The people turned out and cast 

their votes. The new president of the municipality is Maria Toller, a woman 

with a lot of heart and a strong sensibility for Cimbrian affairs.’ [GPT-5; my 

transl.] 

 

The challenge in generating Cimbrian text is not primarily the influence of English, 

but rather the competition from other languages with more available data. Both 

lexically (cf. Nicolussi Golo & Nicolussi 2013) and syntactically (cf. Bidese, 

Padovan & Tomaselli 2020), the sentences are not acceptable. For instance, 

Cimbrian neither exhibits the capitalisation of nouns like German does (cf. Sundàg, 

Leit, Gemàinde), nor Standard German V2 syntax (cf. In Lusern hot si am Sundàg 

gòte wàlo gsejn.). Simultaneously, the LLM appears to compensate for data scarcity 

by incorporating lexical transfers from various Germanic varieties. This includes 

words borrowed from Standard German (e.g., am, stimmen, frau, mit, zimbarische), 

from German dialects (e.g., Leit, unt, Gemàinde, fil, fir), and possibly even Sundàg 

from Norwegian Nynorsk. The core issue is the generation of Cimbrian output 

competing against the dominance of better-resourced languages. 

 

4 Conclusion: A tripartite framework for LLM resourcedness 

 

Previous chapters established the historical context of language classification in 

NLP, charting the shift from early definitions of high-resource versus low-resource 

languages to the modern era of pre-trained LLMs. Furthermore, we demonstrated 

that the current distribution of languages in AI training data creates significant 

linguistic, cultural, demographic, ideological, and political biases. 

 Previous taxonomies by Joshi et al. (2020) and Simons et al. (2022) proved 

inadequate by overlooking more nuanced and relevant criteria that have historically 

defined LRLs, whilst the resourcedness framework by Nigatu et al. (2024) neglects 

the specific composition of LLM pre-training datasets. The comparison in Table 1 
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highlights how established taxonomies often fail to account for AI-specific data 

imbalances. 

 
Table 1: Dataset representation vs. taxonomy profiles for the top five languages in GPT-3. 

Languages % Joshi et al. (2020) Simons et al. (2022) Nigatu et al. (2024) 

English 93% 

Winner Thriving High-resourced 

French 1.8% 

German 1.5% 

Spanish 0.8% 

Italian 0.6% 

 

At the same time, while the simple dichotomy of English as the sole high-resource 

language and others as low-resource may hold a kernel of truth in the current AI 

paradigm, it is ultimately too simplistic (cf. Hämäläinen et al. 2021). Thus, defining 

the status quo of languages in the age of AI requires careful consideration. 

To address the disparities in linguistic data distribution within LLMs, we 

propose adapting the resourcedness framework introduced by Nigatu et al. (2024). 

As we have already stated in Chapter 2, a language’s resourcedness is evaluated 

through four exogenous criteria: (i) sociopolitical factors, (ii) human and digital 

resources, (iii) artifacts, and (iv) agency. While satisfying these criteria ensures the 

real-world vitality of a language, driving the creation of corpora and cultivating 

political and financial support, this real-world robustness does not linearly translate 

to equitable representation within AI systems. Instead, in the context of LLM pre-

training, data volume and linguistic distribution dictates output quality and 

mitigates bias. Therefore, we argue that real-world resourcedness alone is 

insufficient to define a language as high-resource within the AI paradigm. For this 

reason, we also propose an endogenous criterion: a relative and model-agnostic 

quantitative threshold. To be considered truly high-resource, a language must hold 

a dominant or co-dominant statistical share in an LLM’s pre-training dataset (e.g., 

reaching a proportional baseline, such as an equal share in a perfectly balanced 

multilingual LLM). This dual approach combining real-world criteria with an LLM-

specific data threshold yields a new tripartite terminology: 

 

(i)  High-resource: Languages that meet all four resourcedness criteria and 

achieve dominant or co-dominant data representation. 

(ii)  Few-resource: Languages that possess strong real-world infrastructure, but 

fail to reach the proportional threshold within the LLM pre-training data. 

(iii) Low-resource: Languages that are missing one or more real-world 

resourcedness criteria and inherently fall below the required algorithmic 

threshold. 

 

Table (2) summarises the criteria and the new terminology. 
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Table 2: Exogenous and endogenous factors in defining high-, few-, and low-resource languages. 

 Exogenous (Nigatu et al. 2024) Endogenous 

Terms Socio-

politics 

Resources Artifacts Agency Representativeness 

High-resource ✓ ✓ ✓ ✓ Dominant / Co-dominant 

Few-resource ✓ ✓ ✓ ✓ Marginalised 

Low-resource Missing ≥1 criterion Marginalised 

 

To illustrate the strengths and weaknesses of this terminology, we can apply this 

framework to the GPT-3 pre-training dataset (Brown et al. 2020). Under this 

proposal, English satisfies both the four exogenous factors and the endogenous 

factor, firmly establishing it as a high-resource language. Conversely, German and 

Italian meet the same four exogenous criteria for resourcedness as English, but 

because they fail to reach the proportional data threshold, they are more accurately 

categorised as few-resource. Cimbrian presents a distinctly different profile: while 

it benefits from a relatively strong exogenous support (a limited but vital speaker 

community, active scholarly attention, and socio-political backing from the 

Province of Trento), it severely lacks the digital footprint and technological 

infrastructure required to compile viable training data for LLMs, and, consequently, 

is defined as low-resource.  

However, these definitions are not static. The very descriptors of languages 

vary from one LLM to another. Let us now take into consideration a bilingual LLM: 

Minerva LLM. According to Orlando et al. (2024), the Minerva LLM was trained 

on a total of 2.48 trillion tokens, consisting of 45,97% (1.14T tokens) of English 

data, 45,97% (1.14T tokens) of Italian data, and 8,06% (200B tokens) of 

programming code. Excluding code, the pre-training dataset exhibits a precise 50-

50 linguistic distribution, therefore, both languages meet the co-dominant criterion 

and are considered high-resource. 

Finally, LLMs such as BLOOM are trained with an objective that actively 

attempts to reduce the extreme prominence of English. Developed and released 

through a collaboration of hundreds of researchers (cf. Laurençon et al. 2022), 

BLOOM is a 176 billion parameter LLM trained on a diverse set of 46 natural and 

13 programming languages. In the context of BLOOM’s training data, English 

constitutes approximately 30% (for the full linguistic breakdown, see BigScience 

Workshop 2023: 8). While this is a significantly lower share compared to traditional 

LLMs, English remains the statistical majority by a wide margin. Therefore, under 

our proposed framework, English remains high-resource. Conversely, languages 

like Simplified Chinese (16.21%), French (12.93%), and Spanish (10.88%) meet 

all real-world exogenous criteria but fail to reach the dominant threshold set by 

English. Consequently, despite their massive absolute data volumes in the BLOOM 

dataset, they are accurately classified as few-resource within this specific 

architecture. This highlights the core argument of this paper: the critical factor is 
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not just the sheer volume of data, but rather the relative algorithmic distribution 

across the LLM’s architecture. 

Admittedly, the primary limitation of this framework hinges on a variable 

currently in short supply: data transparency. Because our endogenous criterion 

requires precise knowledge of linguistic distribution within pre-training datasets, 

the industry-wide shift towards proprietary black boxes poses a practical challenge. 

Leading AI companies have largely ceased disclosing their pre-training data 

composition, leaving researchers to rely on outdated metrics. However, the inability 

to audit a proprietary LLM does not invalidate our terminology; rather, it 

emphasises an urgent need to adopt the transparency standards already championed 

by open-source LLMs.  

Nonetheless, while exact percentages are currently obscured, the structural 

imbalances of pre-training datasets remain largely undisputed. According to 

Villalobos et al. (2024), current trajectories in LLM development suggest that pre-

training datasets will likely match the total available stock of public human-

generated text between 2026 and 2032. Within this digital landscape, metrics from 

CommonCrawl (2026) highlight a significant linguistic concentration, with English 

representing around 41% of the data in such sources followed by a sharp drop-off 

to Russian (6.5%), German (5.9%), Japanese (5.1%), and Chinese (4.8%). Thus, it 

is highly probable that the linguistic composition of state-of-the-art LLMs has not 

fundamentally shifted over the years, cementing English as the single, unchallenged 

high-resource language within the current AI paradigm. 

 Essentially, adopting this tripartite framework (divided in high-, few- and 

low-resource languages) is fundamental for the critical evaluation of AI systems. 

By separating a language’s actual sociopolitical status from its digital presence 

within LLMs’ datasets, we break away from an obsolete binary classification. This 

prevents the false equivalence of labelling languages like Italian or German as high-

resource when they are functionally marginalised within an LLM’s architecture, 

while simultaneously preventing them from being dismissed as low-resource 

despite their robust societal infrastructure. By accurately categorising these 

structurally established but algorithmically underrepresented languages as few-

resource, this terminology equips researchers and scholars with a precise, 

quantifiable tool. 

In conclusion, while this framework provides a necessary theoretical 

foundation for redefining language resourcedness, its primary limitation remains its 

conceptual nature. Future research must prioritise the empirical validation of these 

categories. This requires testing the proposed framework across a broader 

typological range of languages, diverse open-source and proprietary LLMs, and 

specific downstream NLP tasks to quantify the practical impact of algorithmic 

marginalisation and test the efficacy of the proposed categories. 
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