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METHODOLOGY OF LINGUISTICS:  
THE IMPACT OF ARTIFICIAL INTELLIGENCE ON HYPOTHESIS-MAKING

The methodology of linguistics has historically been shaped by the interplay between observation, theory construction, 
data selection, and explanatory adequacy. From philological comparison and structural analysis to generative 
formalization and corpus-based description, linguistic inquiry has repeatedly redefined how hypotheses are formed, 
tested, and revised. The rise of artificial intelligence, especially machine learning and large language models, introduces 
a new methodological moment. Aritficial intelligence systems can process massive multilingual corpora, detect latent 
patterns, generate candidate generalizations, simulate judgments, and support exploratory analysis at unprecedented 
scale. At the same time, they raise serious epistemological concerns: opacity, bias, overfitting to surface distributions, 
conflation of correlation with explanation, and the risk of outsourcing theoretical reasoning to statistical systems.

This article examines how aritficial intelligence is reshaping linguistic hypothesis-making. It argues that aritficial 
intelligence should be understood neither as a replacement for linguistic theory nor as a neutral computational aid, but 
as a transformative methodological instrument that changes the pace, scale, and form of hypothesis generation. The 
article situates hypothesis-making within major traditions of linguistic methodology. It then defines basic methodological 
functions of aritficial intelligence in linguistic hypothesis-making and analyzes its specific contributions to hypothesis 
generation across subfields of morphology, syntax, semantics, pragmatics, historical linguistics, and sociolinguistics. 

The discussion highlights how aritficial intelligence can expand the empirical horizon of linguistics by revealing non-
obvious regularities and enabling more dynamic interactions between data and theory. It also shows that AI-generated 
hypotheses remain dependent on data quality, annotation regimes, modeling choices, and human interpretation. The 
conclusion is that the future of linguistic methodology lies in a reflexive partnership between computational systems 
and theoretically informed researchers. In that partnership, aritficial intelligence can accelerate discovery, though 
explanatory accountability should remain a human scholarly responsibility.
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Актуальнi питання гуманiтарних наук. Вип. 101, 2026130

Мовознавство. Лiтературознавство

Наталія ЄФРЕМОВА,
orcid.org/0000-0003-1476-1831

кандидат філологічних наук, доцент,
доцент кафедри практики англійської мови

Волинського національного університету імені Лесі Українки
(Луцьк, Україна) yefremova05@gmail.com

Валентина БОЙЧУК,
orcid.org/0000-0002-9870-2195

кандидат філологічних наук,
старший викладач кафедри філології

Комунального закладу вищої освіти «Луцький педагогічний коледж» Волинської обласної ради
(Луцьк, Україна) boichukvalia@gmail.com

Лариса РИСЬ,
orcid.org/0000-0003-0775-9629

кандидат філологічних наук, доцент,
доцент кафедри німецької філології

Волинського національного університету імені Лесі Українки
(Луцьк, Україна) rys.larysa@vnu.edu.ua

МЕТОДОЛОГІЯ ЛІНГВІСТИЧНИХ ДОСЛІДЖЕНЬ:  
ВПЛИВ ШТУЧНОГО ІНТЕЛЕКТУ НА ФОРМУВАННЯ ГІПОТЕЗИ

Історично методологія лінгвістики формувалася під впливом взаємодії між спостереженням, відбором 
даних, побудовою теорій та адекватністю пояснень. Від порівняння мовних фактів і структурного аналізу до 
генеративної формалізації та опису на основі корпусів, лінгвістичні дослідження неодноразово переосмислювали 
те, як формуються, перевіряються та переглядаються гіпотези. Поява штучного інтелекту, особливо 
машинного навчання та великих мовних моделей, відкриває новий методологічний етап. Системи штучного 
інтелекту здатні обробляти великі багатомовні корпуси, виявляти приховані закономірності, генерувати 
можливі узагальнення, моделювати судження та проводити дослідження у значних масштабах. Водночас, вони 
викликають серйозні епістемологічні проблеми: непрозорість, упередженість, плутання кореляції з поясненням, 
а також ризик делегування теоретичного міркування статистичним системам.

У статті продемонстровано, як штучний інтелект змінює процес формування лінгвістичних гіпотез. 
Стверджується, що штучний інтелект слід розуміти як трансформативний методологічний інструмент, 
що змінює темп, масштаб та форму генерування гіпотез. Визначено основні методологічні функції штучного 
інтелекту у формуванні лінгвістичних гіпотез: виявлення закономірностей, узагальнення на різних рівнях, 
виявлення аномалій, моделювання та інтерактивне дослідження. Проаналізовано внесок ШІ у генерування 
гіпотез у морфології, синтаксисі, семантиці, прагматиці, історичній лінгвістиці та соціолінгвістиці.

Увагу зосереджено на тому, як штучний інтелект може розширити емпіричний горизонт лінгвістики, 
виявляючи неочевидні закономірності та забезпечуючи більш динамічну взаємодію між даними та теорією. 
Однак, гіпотези, згенеровані штучним інтелектом, залишаються залежними від якості даних, вибору моделей 
та людської інтерпретації. Зроблено висновок, що майбутнє лінгвістичної методології полягає у рефлексивному 
партнерстві між штучним інтелектом та дослідником, що спирається на теоретичні знання. У рамках такого 
партнерства штучний інтелект може прискорити процес нових відкриттів, хоча відповідальність за пояснення 
має залишатися науковим обов’язком дослідника.

Ключові слова: дослідження, методологія, формування гіпотези, теоретична інтерпретація, лінгвістика, 
штучний інтелект.

Formulation of the problem. Linguistics, as the 
scientific study of language, depends on the process 
of hypothesis-making. Though linguistic hypotheses 
may concern any field of linguistics, methodology mat-
ters because it determines how researchers move from 
observed linguistic data to claims about underlying regu-
larities, mechanisms, or representations (Saussure, 2011).

The history of linguistics can be treated as a suc-
cession of methodological shifts in hypothesis-making. 

Comparative philology sought systematic correspond-
ences across languages to infer genealogical relation-
ships (Campbell, 2013: 1–14). Structuralism prior-
itized distributional evidence and formal oppositions. 
Generative linguistics emphasized abstract mental 
representations and native-speaker judgments (Chom-
sky, 1965: 63–107). Functionalist and usage-based 
traditions focused on discourse, frequency, and com-
municative pressures (Bybee, 2010: 194–122). Corpus 
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linguistics introduced systematic, large-scale attesta-
tion as a central evidentiary base (McEnery, Hardie, 
2012: 1–25). Each methodological turn expanded some 
forms of evidence while contesting others.

Artificial intelligence now adds a new layer to this 
historical development. It alters the conditions under 
which hypotheses emerge. Contemporary AI systems 
can cluster constructions, predict missing forms, iden-
tify latent dimensions of variation, model sequential 
dependencies, compare multilingual structures, and 
generate plausible explanatory suggestions from het-
erogeneous data (Jurafsky, Martin, 2023; Manning et 
al., 2020). These capacities have immediate implica-
tions for methodology. They change both how lin-
guists test and generate hypotheses.

This is particularly important because hypoth-
esis-making is often the least formalized stage of 
research. While methods for testing claims may be 
standardized, the generation of candidate explanations 
often relies on expert intuition, deep familiarity with 
data, and sensitivity to anomalies. AI systems increas-
ingly participate in this exploratory stage by surfacing 
patterns that humans might overlook (Bender et al., 
2021: 610–611; Zhang et al., 2020). This participation 
is ambiguous as AI can reveal regularities, but it does 
not automatically offer a linguistically meaningful 
generalization. Thus, the methodological challenge 
is not whether AI can produce hypotheses, but how 
those hypotheses should be evaluated, interpreted, 
and integrated into linguistic theory.

This research aims to investigate the impact 
of AI on linguistic hypothesis-making within the 
broader methodology of linguistics. The specific 
research objectives are as follows: 1) to outline the 
role of hypothesis formation in linguistic science; 2) 
to define basic methodological functions of AI in lin-
guistic hypothesis-making; 3) to examine the ways AI 
contributes to hypothesis generation across subfields; 
4) to determine the epistemological risks that threaten 
the integrity of hypothesis-making; 5) to propose 
principles for responsible methodological integration.

Presenting the main research material. Meth-
odology is a framework that defines what counts as 
data, what kinds of explanations are legitimate, and 
how evidence should be used to justify claims. In lin-
guistics, methodological debates have often revolved 
around several points of tension: competence versus 
performance, introspection versus observation, quali-
tative versus quantitative analysis, formal explanation 
versus functional interpretation, and universality ver-
sus diversity (Chomsky, 1965).

Hypothesis-making comes first among these 
tensions. In linguistics it typically begins with an 
observed pattern or problem. The task is then to for-

mulate a claim that organizes the data and predicts 
new observations. This process usually includes sev-
eral stages. First, the linguist identifies a phenomenon 
and delimits relevant data. Then, a preliminary gen-
eralization is proposed. This generalization is tested 
against further evidence, including exceptions and 
edge cases. The hypothesis is then revised or replaced 
in light of broader explanatory demands. These may 
include cross-linguistic applicability, cognitive plau-
sibility, diachronic consistency, or formal economy 
(Croft, 2001: 9–14).

Traditional hypothesis formation often relies on 
a combination of trained intuition and disciplined 
observation. Linguists are skilled at detecting con-
trasts, identifying distributional gaps, and recognizing 
theoretically salient structures. This expertise may be 
constrained by human limitations, as researchers are 
subject to confirmation bias, theoretical precommit-
ments, and selective attention. For this reason, meth-
odological innovations have often aimed to widen the 
evidentiary base and reduce arbitrariness (McEnery, 
Hardie, 2012: 225–236).

By processing large and complex datasets, AI 
can extend human pattern recognition. It can expose 
recurring structures across millions of tokens, identify 
variables correlated across social or linguistic dimen-
sions, and generate candidate groupings without prior 
labeling (Jurafsky, Martin, 2023). In methodological 
terms, AI has a strong effect on the discovery context 
of linguistics, though its implications also extend to 
justification and explanation. 

Unlike earlier computational methods that often 
required explicit feature engineering and narrowly 
specified tasks, modern AI can learn representations 
from raw or minimally processed data. Neural systems 
can encode contextual similarity, model long-distance 
dependencies, and detect structures not directly spec-
ified by the analyst (Manning et al., 2020). This abil-
ity makes AI especially relevant to the early stages 
of hypothesis formation, where the problem is often 
not testing a known pattern, but discovering whether 
a pattern exists at all.

AI contributes to linguistic hypothesis-making 
through several distinct functions: pattern discovery, 
generalization across scale, anomaly detection, simu-
lation, and interactive exploration.

At the pattern discovery stage, AI systems help 
researchers detect hidden regularities that are difficult 
to identify manually. Studies on corpus and paral-
lel-corpus analysis emphasize AI’s ability to extract 
frequency distributions, identify clusters, detect struc-
tural patterns, and uncover hidden correspondences 
across languages or scripts, including in multilingual 
and low-resource settings (Micallef, 2026).
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AI also supports generalization across scale. 
A human linguist may detect a pattern in one corpus 
or one language variety, but AI can test whether com-
parable structures appear across hundreds of data-
sets or languages. This makes it easier to formulate 
broader hypotheses about universals, areal effects, or 
typological tendencies. A pattern that once seemed 
idiosyncratic may turn out to be widespread, or vice 
versa (Haspelmath, 2007: 124–130).

AI is useful for anomaly detection. Linguistic dis-
covery often begins with exceptions. A model trained 
on typical distributional behavior can flag tokens, 
constructions, or contexts that diverge from expec-
tations. These anomalies may reveal grammatical 
change, register-specific uses, annotation problems, 
or previously undescribed categories.

As far as the simulation function is concerned, lan-
guage models can approximate distributional expec-
tations and generate continuations under controlled 
conditions. While such outputs are not equivalent to 
native-speaker competence, they can help research-
ers explore possible generalizations and design better 
hypotheses. If a model consistently prefers one struc-
ture over another across contexts, the pattern may 
suggest a latent constraint worth investigating (Lin-
zen, Baroni, 2021: 200–213).

AI facilitates interactive exploration. Modern 
computational environments allow researchers to 
query corpora, visualize clusters, compare variants, 
and inspect model outputs iteratively. This creates 
a more dynamic methodology in which hypotheses 
can be formed, challenged, and reformulated in rapid 
cycles. The researcher is no longer limited to linear 
analysis but can move recursively between observa-
tion and abstraction.

AI as a discovery tool contributes to hypothesis 
generation across various subfields of Linguistics. 
Morphology and syntax are fertile areas for AI-as-
sisted hypothesis-making because they involve 
complex combinatorial structure. Parsing systems, 
sequence models, and grammatical induction meth-
ods can detect recurrent patterns in word formation 
and sentence structure across large corpora. This can 
help linguists formulate hypotheses about constitu-
ent order, agreement, case marking, productivity, and 
constructional alternation (Manning et al., 2020).

Large language models create new possibilities in 
syntax research. They can be probed using carefully 
designed prompts to test sensitivity to agreement, 
island constraints, filler-gap dependencies, and word 
order restrictions. Although these models do not pos-
sess human grammar in any straightforward sense, 
their successes and failures provide comparative 
evidence about what kinds of structural generaliza-

tions can emerge from distributional learning. This, 
in turn, may inspire new hypotheses about the rela-
tionship between input, representation, and abstrac-
tion in human language acquisition (Linzen, Baroni, 
2021: 200–213).

In semantics and pragmatics, AI helps researchers 
examine meaning through contextual usage at scale. 
Distributional semantic models reveal fine-grained 
distinctions in lexical meaning, metaphorical exten-
sion, semantic shift, and collocational framing. These 
patterns can generate hypotheses about polysemy, 
semantic prosody, evaluative meaning, and concep-
tual structure (Boleda, 2020).

Pragmatics also benefits from AI-based dis-
course analysis. Models can classify speech acts, 
detect stance, trace politeness strategies, and analyze 
turn-taking patterns in conversational data. This ena-
bles linguists to ask new questions about how prag-
matic functions vary across genres, communities, or 
platforms. 

However, semantics and pragmatics illustrate 
especially clearly the limits of AI. Models may cap-
ture associations without representing inferential 
structure, speaker intention, or social indexicality in 
a theoretically robust way. Therefore, AI is most pro-
ductive here when used as a generator of candidate 
regularities rather than as a final arbiter of semantic 
explanation (Bender, Koller, 2020: 5193).

Historical linguistics has always relied on inferential 
reconstruction, making it especially compatible with 
AI-driven pattern discovery. Digitized historical corpora, 
handwritten text recognition, and diachronic language 
models allow researchers to trace lexical, morphologi-
cal, and syntactic change across long time spans. AI can 
detect emerging trends, transitional forms, and shifts in 
collocational patterns that would be difficult to identify 
manually. Such tools are particularly useful for hypoth-
esis-making about grammaticalization, semantic shift, 
analogical leveling, and diffusion pathways. Hypotheses 
about change must therefore remain sensitive to archival 
limitations and the non-random nature of historical evi-
dence (Kytö, 2011).

Sociolinguistics has been transformed by compu-
tational scale. AI can process massive datasets from 
speech corpora, social media, messaging platforms, 
and transcribed interactions, allowing researchers 
to model variation with highly detailed resolution. 
Clustering, classification, and regression-enhanced 
machine learning can identify patterns linking lin-
guistic variables to age, gender, geography, ethnicity, 
social network structure, and communicative context. 
These techniques support new hypothesis-making in 
several ways. They can reveal emerging variables 
before they are recognized in traditional sociolin-
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guistic interviews and uncover nonlinear interactions 
among social factors. They can also help identify style 
shifts across situations and platforms. 

Yet sociolinguistic methodology requires reflexiv-
ity because AI models may reproduce social bias or 
treat socially constructed categories as fixed natural 
facts. If a model infers gender from language use, for 
example, it may encode stereotypes rather than lin-
guistic realities. Consequently, AI-generated hypothe-
ses about social meaning must be evaluated critically, 
with attention to ethics, representation, and the poli-
tics of categorization (Hovy, Spruit, 2016: 593–596).

The benefits of AI are substantial, but they come 
with epistemological and methodological risks: opac-
ity, data dependence, correlational overreach, auto-
mation bias in scholarship, the erosion of negative 
evidence and anomaly sensitivity. Regarding opacity, 
many AI systems, especially deep neural networks, 
operate through internal representations that are dif-
ficult to interpret. A model may distinguish categories 
accurately without making transparent what cues it 
uses. This creates a problem for linguistics, which is 
not only interested in prediction but in explanation. 
If a model identifies a pattern, researchers still need 
to know whether that pattern corresponds to a theo-
retically meaningful generalization (Bender et al., 
2021: 615–620).

When it comes to data dependence, AI systems 
learn from available data, and linguistic data are 
never neutral. Corpora reflect genre, literacy, plat-
form conventions, transcription standards, colonial 
histories, and unequal language resources. High-re-
source languages receive more attention, better tools, 
and cleaner datasets. Low-resource and marginalized 
varieties may be misrepresented or excluded. As a 
result, AI can skew the very landscape from which 
hypotheses are drawn (Bird, 2010).

Concerning correlational overreach, AI is excel-
lent at finding statistical associations, but not every 
association supports a substantive linguistic expla-
nation. A model may detect that two forms co-occur 
frequently, but this does not prove a grammatical 
dependency, semantic feature, or cognitive constraint. 
Without theoretical discipline, researchers may mis-
take predictive success for explanatory adequacy.

Automation bias in scholarship takes place when 
there is a temptation to treat AI-generated outputs as 
objective because they are computational. This can 
reduce critical scrutiny and lead scholars to defer too 
readily to model suggestions. Yet every model embod-
ies assumptions: tokenization schemes, annotation 
choices, hyperparameter settings, training objectives, 
and sampling decisions. AI does not remove interpre-
tation; it relocates and sometimes obscures it.

As far as the erosion of negative evidence and 
anomaly sensitivity are concerned, some AI systems 
smooth over irregularity in pursuit of optimization. 
But in linguistics, the anomalous case is often theo-
retically decisive. If researchers rely too heavily on 
averaged patterns, they may miss exactly the forms 
that challenge and refine hypotheses.

A productive methodology for AI-assisted linguis-
tics must be reflexive, which means explicit aware-
ness of how tools shape observation, inference, and 
theoretical choice. Initially, AI should be treated as a 
hypothesis generator, not a self-sufficient explanatory 
framework. Its outputs are starting points for analy-
sis, not conclusions immune to critique. It should be 
asked what data the model saw, what distinctions it 
encodes, and whether the discovered pattern is robust 
across methods.

In addition, linguistic research should combine 
triangulation across evidence types. AI-derived pat-
terns should be compared with corpus frequencies, 
elicitation results, speaker judgments, experimental 
findings, and cross-linguistic parallels where relevant. 
A hypothesis gains credibility when it survives multi-
ple forms of scrutiny.

Moreover, researchers should prioritize interpreta-
bility and transparency where possible. Interpretable 
methods can help clarify what cues drive classifica-
tion or clustering. Even when using complex models, 
scholars should document preprocessing steps, dataset 
composition, evaluation criteria, and uncertainty.	

Furthermore, a distinction between description, 
prediction, and explanation should be maintained. 
AI may improve all three, but they are not identical. 
A model may predict omitted subjects accurately 
without explaining the grammatical representation of 
pro-drop. Likewise, it may cluster politeness markers 
without explaining the social logic of face manage-
ment. Linguistic methodology must preserve this dis-
tinction if theory is to remain meaningful.

Finally, AI use in linguistics should be ethically 
accountable. This includes attention to speaker commu-
nities, consent, representational harms, and the extrac-
tion of language data from vulnerable populations. 
Methodology is not only epistemic, but it is also social.

AI improves linguistic inquiry most when it aug-
ments rather than replaces human expertise. The 
ideal relation may be indicated as collaborative: AI 
offers scale, consistency, and pattern detection, while 
humans supply theoretical framing, interpretive judg-
ment, and epistemic control (Karjus, 2023; Strashko 
et al., 2024: 247–256).

Conclusions. Artificial intelligence is reshap-
ing the methodology of linguistics by transforming 
the conditions under which hypotheses are made. It 
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expands the scale of observable evidence, accelerates 
exploratory analysis, identifies latent patterns, and 
enables new forms of comparison across languages, 
modalities, and time depths. The impact of AI is epis-
temological as it changes how linguists encounter 
data, what patterns become visible, and how quickly 
generalizations can be proposed. This creates genuine 
opportunities for discovery, especially in complex or 
large-scale domains. At the same time, AI introduces 

new risks and should not be regarded as a substitute 
for linguistic reasoning. Hypotheses generated by AI 
require theoretical framing, empirical triangulation, 
and critical evaluation by researchers who understand 
language as a structured, social, cognitive, and his-
torical phenomenon. The future of linguistic meth-
odology therefore lies in a partnership in which AI 
enhances discovery but does not displace scholarly 
judgment.
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