Preprints are preliminary reports that have not undergone peer review.

6 Research Sq uare They should not be considered conclusive, used to inform clinical practice,

or referenced by the media as validated information.

Systematic Framework of Application Methods for
Large Language Models in Language Sciences

Kun Sun

kunsun@tongji.edu,cn

Tongji University
Rong Wang
University of Tlibingen

Research Article

Keywords:

Posted Date: October 28th, 2026

DOI: https://doi.org/10.21203/rs.3.rs-9168733/v1

License: € ® This work is licensed under a Creative Commons Attribution 4.0 International License.
Read Full License

Additional Declarations: No competing interests reported.


https://doi.org/10.21203/rs.3.rs-9168733/v1
https://doi.org/10.21203/rs.3.rs-9168733/v1
https://doi.org/10.21203/rs.3.rs-9168733/v1
https://creativecommons.org/licenses/by/4.0/

Systematic Framework of Application
Methods for Large Language Models in
Language Sciences

Kun Sun*!? and Rong Wang!??3

!Tongji University, China
2University of Tiibingen, Germany
3Institute of Natural Language Processing, University of Stuttgart, Germany

Abstract

Large Language Models (LLMs) are transforming language sci-
ences. However, their widespread deployment currently suffers from
methodological fragmentation and a lack of systematic soundness.
This study proposes two comprehensive methodological frameworks
designed to guide the strategic and responsible application of LLMs in
language sciences. The first method-selection framework defines and
systematizes three distinct, complementary approaches, each linked to
a specific research goal: (1) prompt-based interaction with general-use
models for exploratory analysis and hypothesis generation; (2) fine-
tuning of open-source models for confirmatory, theory-driven investi-
gation and high-quality data generation; and (3) extraction of contex-
tualized embeddings for further quantitative analysis and probing of
model internal mechanisms. We detail the technical implementation
and inherent trade-offs of each method, supported by empirical case
studies. Based on the method-selection framework, the second sys-
tematic framework proposed provides constructed configurations that
guide the practical implementation of multi-stage research pipelines
based on these approaches. We then conducted a series of empirical
experiments to validate our proposed framework, employing retrospec-
tive analysis, prospective application, and an expert evaluation sur-
vey. By enforcing the strategic alignment of research questions with
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the appropriate LLM methodology, the frameworks enable a critical
paradigm shift in language science research. We believe that this sys-
tem is fundamental for ensuring reproducibility, facilitating the critical
evaluation of LLM mechanisms, and providing the structure necessary
to move traditional linguistics from ad-hoc utility to verifiable, robust
science.

1 Introduction

Large language models (LLMs) built on the Transformer architecture have
demonstrated impressive performance on a wide range of language process-
ing tasks (Devlin et al., 2019a; Brown et al., 2020). Models such as BERT
family and GPT-series, trained on billions of parameters and massive text cor-
pora, enable applications in language understanding, generation, and analysis
(Chang et al., 2024; Ambridge and Blything, 2024; Begus et al., 2023; Cai
et al., 2025). Their exceptional linguistic capabilities have drawn growing
attention from researchers in the language sciences who seek computational
tools to extend and enrich traditional methodologies.

Language sciences, as discussed here, extend beyond traditional lin-
guistics by integrating computational, psychological, and neuroscience ap-
proaches to study how language is represented, processed, and learned. It
encompasses a wide range of subfields, including corpus linguistics, histori-
cal linguistics, psycholinguistics, and experimental linguistics. Unlike tradi-
tional linguistics, which often emphasizes formal description and theoretical
modeling, language science prioritizes empirical validation and quantitative
methods to understand language as both a cognitive and communicative sys-
tem.

LLMs have been widely and intensively applied in language science re-
search. They can efficiently process large-scale corpora, enabling analyses
that would be infeasible using manual methods. LLMs provide quantitative
metrics for linguistic phenomena that previously relied on subjective judg-
ment and can generate stimuli for experimental studies or assist with anno-
tation tasks that require substantial human effort (Weissweiler et al., 2024;
Barbieri et al., 2020; Movva et al., 2024; Ziems et al., 2024; Lang et al., 2025).
At the same time, their rapid adoption has highlighted several methodolog-
ical and conceptual challenges that must be addressed to fully realize their
potential in the study of language.

First, the current landscape of LLM applications in language science is



characterized by methodological atomization and a reliance on task-specific
heuristics rather than a unified, scientific framework, that is, methodological
fragmentation is pervasive. Studies often adopt different models, hyperpa-
rameters, metrics, and reporting standards, which impedes comparability
(Katzir, 2023). Existing research frequently exhibits a 'method-as-end’ ten-
dency, in which researchers choose an LLM application paradigm, such as
simple prompting or blind fine-tuning, based on familiarity or model avail-
ability rather than on clear, hypothesis-driven objectives. This fragmenta-
tion creates two core challenges. First, there is often a mismatch between
research goals and methods. For example, theoretical work aimed at probing
a model’s internal linguistic representations is sometimes approached using
black-box prompting, which is appropriate only for exploratory data genera-
tion. Second, this lack of systemic soundess breeds concerns over replicability,
external validity, and the cumulative nature of knowledge derived from LLM
experiments, hindering the field’s transition to mature science. Linguistic
researchers are left navigating a disjointed decision space, often resorting to
trial-and-error in selecting the most appropriate LLM application technique
(prompting or probing) for their specific theoretical goals.

Second, preprocessing steps and parameter choices are often underre-
ported, limiting reproducibility, and model selection is frequently made with-
out clear justification relative to the research question, raising concerns about
interpretability and theoretical alignment (Peng and Yang, 2025). Tokeniza-
tion, embedding extraction, and filtering procedures can all influence out-
comes (Bai et al., 2024). However, these details are rarely fully documented.
Such issues highlight the need for transparent reporting and careful method
alignment. Ultimately, addressing these challenges requires a unified frame-
work to guide model selection, preprocessing, and analysis, ensuring rigorous,
interpretable, and reproducible LLM research in the language sciences.

Third, conceptual ambiguity remains regarding what model performance
reveals about language. High task accuracy alone does not validate theoreti-
cal claims, as multiple mechanisms may produce similar outputs. Conversely,
model failures do not necessarily disprove linguistic theories, since implemen-
tation details can influence performance. Different subdisciplines maintain
distinct evidentiary standards and theoretical commitments, which must be
respected when interpreting LLM results (Katzir, 2023; Bender, 2019; Pi-
antadosi, 2023; Zhong et al., 2024).

All these challenges highlight the need for a systematic methodologi-
cal framework to guide the application of LLMs in language sciences. In
response, the present study proposes an integrated framework that orga-



nizes three principal technical approaches: prompt-based interaction with
general-use models, fine-tuning of open-source models, and embedding-based
quantitative analysis. A comprehensive, normative methodological frame-
work we proposed systematically aligns distinct LLM application techniques
with explicit linguistic research objectives. This framework is designed to
structure decisions about method selection, implementation, and evalua-
tion, while explicitly addressing both technical and conceptual considera-
tions. Based on this method-selection framework, we propose a systematic
configuration framework to ensure seamless practical implementation by pro-
viding structured steps and clear parameter specifications within a coherent
research pipeline. Our two frameworks serve as an essential decision-theoretic
guide, moving LLM-based inquiry from technical art to standardized scien-
tific methodology. We not only delineate the two structured frameworks
but also validate their efficacy and generalizability through a set of strict
empirical studies, demonstrating their utility in generating, confirming, and
mechanistically probing in language research.

The frameworks we proposed are distinguished by four essential fea-
tures. First, they emphasize explicit methodology, providing detailed spec-
ifications for each approach, including implementation details, parameter
choices, and evaluation metrics, to support reproducibility. Second, they
promote problem-method alignment, guiding researchers to match research
questions with appropriate technical approaches. Third, they incorporate
a critical perspective, highlighting the limitations of each method and iden-
tifying contexts where LLM-based approaches may be insufficient. Finally,
they offer empirical demonstration through concrete case studies with full
methodological efficiency and transparency.

Although the proposed frameworks do not claim to resolve all debates
about language research, they offer practical guidance for researchers seeking
to incorporate LLM-based methods rigorously. By standardizing method-
ological reporting and fostering critical evaluation, they aim to facilitate cu-
mulative knowledge building and enable meaningful comparison across stud-
ies. The present study proceeds as follows: Section 2 reviews current applica-
tions of LLMs in language sciences, Section 3 outlines the three methodolog-
ical approaches, Section 4 offers detailed implementation guidance, Section
5 presents the integrative frameworks, Section 6 reports empirical validation
of the proposed frameworks, and Section 7 discusses the implications and
limitations.



2 Current Applications of LLMs in Language
Sciences

LLMs have been applied across language sciences, spanning theoretical in-
quiry, applied research, and cognitive investigations (Katzir, 2023; Koeva,
2024). This section reviews current applications organized into four ma-
jor domains, highlighting both achievements and methodological limitations.
The recurring challenges across these domains highlight the need for a unified
framework to ensure methodological coherence and theoretical interpretabil-

ity.

2.1 Linguistic structure and theory

LLMs have been employed to investigate fundamental questions about lan-
guage structure across multiple levels. For example, in syntax, language
models like BERT have been probed for their representations of dependency
relations, phrase structure, and agreement patterns (Htut et al., 2019; Gold-
berg, 2019). In semantics, contextualized embeddings enable study of poly-
semy, compositionality, and meaning relations (Periti and Tahmasebi, 2024).
Pragmatic phenomena including implicature and sarcasm have been explored
through classification tasks (Barbieri et al., 2020; Ma et al., 2025). Phono-
logical modeling has utilized acoustic models to study sound patterns and
phonotactic constraints (Baevski et al., 2020).

However, significant interpretive challenges remain. When language
models show sensitivity to grammatical patterns, this may reflect either inter-
nalization of linguistic rules or mere surface distributional regularities. The
relationship between model behavior and theoretical linguistic constructs re-
quires careful examination rather than direct equation. These interpretive
ambiguities highlight the need for a unified methodological framework that
systematically links theoretical aims with appropriate model interrogation
strategies, ensuring consistent interpretation of linguistic evidence derived
from LLMs.

2.2 Language variation and social contexts

LLMs facilitate large-scale analysis of language variation across social, geo-
graphical, and temporal dimensions. Applications include dialectal analysis



from social media, tracking of language change, study of code-switching pat-
terns, and cross-linguistic typological comparison using multilingual models
(Eisenstein et al., 2014; Pires et al., 2019).

In applied linguistics and language education, LLMs support automated
essay assessment, error detection in learner language, analysis of interlan-
guage development, and generation of pedagogical materials (Cong, 2025;
Neshaei et al., 2024; Zhu et al., 2024). Such tools facilitate large-scale corpus
analyses of second language learning and individual learner paths.

Despite this, critical concerns include data bias. Training corpora dispro-
portionately represent certain languages, varieties, and speaker populations
while marginalizing others (Bender, 2019). Applications in sociolinguistics
and education must address whose language is represented and how models
may perpetuate linguistic hierarchies. A unified framework can help miti-
gate such biases by establishing standardized criteria for data selection, rep-
resentativeness, and model evaluation, thereby improving comparability and
fairness in studies of linguistic variation.

2.3 Language processing and cognition

LLMs have been proposed as computational models of human language pro-
cessing (Demszky et al., 2023; Niu et al., 2024). For instance, surprisal (=
negative logarithm of word probability) computed by LLMs estimates from
models correlate with reading times, eye movements, and neural activity pat-
terns measured via fMRI and EEG (Schrimpf et al., 2021; Hale, 2001; Luo
et al., 2025). Research explores whether models can simulate acquisition tra-

jectories, processing in clinical populations, and bilingual language use (Ren
et al., 2024).

In neurolinguistics, LLM representations have been aligned with brain
imaging data to investigate neural encoding of linguistic information. These
approaches aim to understand both computational mechanisms in models
and biological mechanisms in brains.

However, fundamental differences exist between LLMs and human cog-
nition. Models lack grounded perceptual experience, embodiment, social
interaction, and the incremental processing characteristic of human compre-
hension. They process vastly more text than humans encounter. These differ-
ences constrain interpretation of models as direct cognitive analogs. A unified
framework is thus needed to delimit the appropriate scope of model-human
comparisons, ensuring that cognitive interpretations of LLM behavior are



empirically grounded and methodologically consistent across studies.

2.4 Corpus analysis and computational methods

LLMs enable analysis of large-scale corpora through flexible pattern recog-
nition, collocation detection, and automated annotation. They process un-
structured text more readily than traditional concordance tools and facilitate
diachronic analysis of semantic change (Hamilton et al., 2016).

For low-resource and endangered languages, LLMs offer tools for docu-
mentation, transcription assistance, and pattern discovery in small corpora
(Ginn et al., 2024). Multilingual models enable translation studies, con-
trastive analysis, and investigation of cross-linguistic correspondences.

Applications in discourse analysis include study of coherence relations,
genre conventions, rhetorical structure, and argumentation patterns. How-
ever, the extent to which models capture discourse meaning versus surface
correlations requires critical evaluation (Dentella et al., 2024). Integrating
these computational applications within a unified framework would provide
standardized procedures for preprocessing, embedding extraction, and eval-
uation, ensuring that corpus-based findings derived from LLMs are repro-
ducible and theoretically interpretable.

Taken together, these domains illustrate the transformative potentials
of LLMs in language sciences, but also reveal a shared need for structured
methodological coordination. The following section introduces a comprehen-
sive framework that addresses these gaps through systematic method selec-
tion, implementation, and evaluation principles.

3 Overview of the Three Approaches

Our proposed frameworks directly address the methodological fragmentation
and other issues identified in the Introduction by providing systematic guid-
ance across two dimensions: the method-selection framework (Sections 3 &
4) and the constructed configurations framework (Section 5).

LLMs can be applied in language sciences through three complementary
strategies, each with distinct strengths and tradeoffs. First, prompt-based in-
teraction with general-use LLMs allows researchers to generate and analyze
outputs from models like GPT-4 without accessing internal parameters. Sec-



ond, fine-tuning open-source models provides full control over architecture
and weights, enabling task-specific adaptation and reproducible evaluation.
Third, embedding-based quantitative analysis extracts vector representations
to study semantic relationships, detect large-scale patterns, or link linguistic
features to behavioral and neural data. Choice of approach depends on re-
search questions, technical resources, and desired balance between accessibil-
ity, reproducibility, and analytical depth (see Table 1). The three approaches
form a method-selection framework of applying LLMs in language sciences.

3.1 Approach 1: Prompt-based interaction with general-
use models

This approach queries closed-source LLMs such as GPT, Claude, or Gemini
using natural language prompts or API calls (Kukreja et al., 2024; Mar-
vin et al., 2023), allowing researchers to elicit specific outputs and analyze
them qualitatively or computationally. Since users cannot access model ar-
chitectures, training data, or internal parameters, interaction is limited to
text-based inputs and outputs, requiring only internet access and API cre-
dentials. Model behavior may change over time due to provider updates,
which can affect the consistency of results.

Prompting ranges from single-turn queries for tasks such as grammat-
icality judgment or text generation to structured techniques like chain-of-
thought reasoning, which uses multi-step instructions to improve output
quality and interpretability (Wei et al., 2022a). API-based batch process-
ing enables systematic application to larger datasets, and multi-agent frame-
works coordinate multiple models or instances for complex analytical pipelines
(Li et al., 2023a). Together, these methods provide a versatile toolkit for ex-
ploring a wide range of linguistic phenomena.

This approach is especially useful for generating exploratory hypotheses,
rapidly prototyping analytical ideas, creating experimental stimuli, detect-
ing preliminary patterns, and performing text classification or transforma-
tion when custom model training is impractical. Its low technical barrier
and rapid iteration make advanced language capabilities accessible without
training costs or local computational infrastructure.

However, outputs can be sensitive to prompt wording and stochastic
sampling, and the internal mechanisms of closed-source models are opaque,
making reproducibility and interpretability challenging. Commercial depen-
dencies also raise concerns regarding long-term access, data privacy, and cost,



while systematic evaluation is difficult without ground truth labels or clear
metrics.

In short, employing prompt-based interactions with state-of-the-art general-
use LLMs for the diagnostic assessment of their internal representations,
analyzing linguistic phenomena (e.g., structural ambiguity resolution, prag-
matic inference etc.), thereby facilitating the generation of testable linguistic
hypotheses. Prompt-based interaction is most appropriate for exploratory
research that prioritizes insight generation over reproducibility, proof-of-
concept studies, pilot investigations, or situations lacking resources for model
training. It is less suitable when reproducibility, understanding of model
mechanisms, or very challenging analysis is required.

3.2 Approach 2: Applying specialized open-source mod-
els

This approach employs open-source specialized pre-trained models such as
BERT, RoBERTa, or T5, which can be applied directly or fine-tuned on anno-
tated datasets for classification, labeling, or generation tasks (Ding et al.,
2023). Full model architectures and pre-trained weights are publicly avail-
able, allowing inspection and modification. Fine-tuning requires labeled data
and computational resources, typically GPUs, and all hyperparameters can
be controlled and documented to ensure reproducibility.

Direct application uses pre-trained models when existing capabilities suf-
fice, whereas supervised fine-tuning adapts models to specific tasks such as
sentiment analysis, grammaticality judgment, or error detection (Kastrati
et al., 2025). Parameter-efficient techniques like LoRA reduce computa-
tional costs (Hu et al., 2022), and multi-task learning can improve gener-
alization. These options provide flexibility for tailoring models to diverse
research needs.

Applying fine-tuning on targeted, carefully-curated datasets to conduct
confirmatory and theory-driven investigations. This approach allows for the
empirical validation or refutation of specific linguistic theories for fine-grained
analysis (e.g., constraints on word order, zero anaphora) by systematically
manipulating training data and evaluating model performance against theo-
retical predictions.

Applications include supervised classification, sequence labeling, con-
trolled text generation, and systematic corpus annotation. This approach en-



ables robust quantitative evaluation, precise incorporation of domain knowl-
edge, and model sharing within the research community. However, limita-
tions include the need for technical expertise, labeled data, and computa-
tional resources, as well as potential overfitting. It is best suited for confir-
matory studies, projects with annotated data, and research requiring repro-
ducibility and strong empirical support.

3.3 Approach 3: Embedding-based quantitative anal-
ysis

The third application paradigm within our framework involves contextual-
ized embedding. This method is not merely for quantitative data analysis,
but serves as the dedicated pathway for “probing the model’s internal mecha-
nisms” and, critically, connecting them back to established linguistic theory.

Vector and contextualized embeddings provide the computational foun-
dation for modern language models, representing words or tokens as high-
dimensional numerical vectors. Contextualized embeddings, which vary de-
pending on the surrounding context, encode information across multiple lin-
guistic levels, including morphology, syntax, and semantics, while also par-
tially reflecting phonological patterns and pragmatic cues (Camacho-Collados
and Pilehvar, 2018). By capturing these layers of linguistic information, em-
beddings enable models to perform complex language computations (Chang
and Chen, 2019). Systematic exploration of embeddings through clustering,
probing, and similarity analysis has revealed unexpected patterns and reg-
ularities, uncovering linguistic structures and tendencies that were difficult
to detect with traditional methods. In this way, embeddings serve both as
a technical mechanism for model computation and as a resource for empiri-
cal investigation, bridging theoretical linguistics and large-scale data-driven
analysis (Garcia, 2021).

By extracting the high-dimensional vector representations of linguistic
units (words, phrases, or sentences) from various layers of an LLM, we trans-
form the model from a black-box tool into a verifiable cognitive and linguistic
probe. Our framework mandates that the analysis of these embeddings must
go beyond mere data visualization (e.g., t-SNE) and must be explicitly de-
signed to verify or challenge existing theories of language. For example,
researchers can use embedding geometry (via geometric probing or repre-
sentational similarity analysis) to test hypotheses regarding the hierarchical
organization of syntactic structures, the compositionality of semantic repre-
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sentations, or the neurological plausibility of cognitive mechanisms hypoth-
esized in psycholinguistics (Goldstein et al., 2024).

In doing so, this approach elevates the use of LLMs from practical NLP
(natural language processing) application to a novel form of computational
theorizing, ensuring that the methodology yields results with deep and last-
ing theoretical significance for the language sciences. This approach scales
efficiently to large datasets, facilitates hypothesis testing, and provides quan-
titative insight into phenomena traditionally studied qualitatively.

Extracting and analyzing contextualized embeddings via representational
probing techniques to quantify the extent and location of encoded linguis-
tic knowledge (e.g., syntactic tree structure, semantic role labeling) across
the LLM’s layers. This deep-dive mechanistic analysis utilizes formal math-
ematical tools to interpret model internal representations in light of estab-
lished linguistic hierarchies. Whereas traditional linguistics relies on manual
annotation, small datasets, and qualitative interpretation, it cannot easily
capture large-scale semantic patterns, quantify subtle contextual shifts, or
integrate multiple levels of linguistic information simultaneously. Contextu-
alized embeddings, in contrast, enable data-driven analysis at unprecedented
scale, tracking semantic change over time, comparing concepts across lan-
guages, discovering lexical relations automatically, analyzing sociolinguistic
variation, and modeling aspects of human semantic memory.

Challenges include the need for expertise in statistics and programming,
difficulty interpreting embedding geometry, sensitivity to preprocessing and
layer selection, and indirect mapping between embedding space and linguistic
constructs. It is most effective for exploratory studies, gradient phenomena,
large-scale pattern discovery, and linking linguistic features to behavioral or
neural measures, but less suitable for categorical distinctions, small sample
sizes, or cases where embeddings cannot be reliably linked to theoretical
constructs.

3.4 Comparison and selection criteria

Table 1 summarizes the main differences among the three approaches. Method
selection should be driven by research questions, available resources, and ac-
ceptable tradeoffs between accessibility, reproducibility, and analytical depth.
No single approach is universally superior, and each serves different research
purposes.

Researchers should prioritize alignment between their specific research
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Table 1: Comparison of Three Methodological Approaches

Dimension Approach 1: Approach 2: Spe- Approach 3: Em-
Prompting cialized Models beddings
Technical barrier — Low Medium to High Medium to High

Computational
needs
Reproducibility
Transparency
Development
speed

Data require-
ments

Primary output
type

Best suited for

Required skills

Minimal (APT only)
Medium

Medium

Fast

Minimal

Text, qualitative
Exploration, genera-

tion
Prompt design

High (GPU required
if fine-tuning)

High

High

Slow

Substantial labeled
data(if fine-tuned)
Classification met-
rics
Confirmatory
ies

ML engineering

stud-

Medium (CPU often
sufficient)

Medium to High
Medium

Medium

Unlabeled text
Numerical measure-
ments

Pattern discovery

Statistics, data sci-
ence

Cost structure Per-query fees Upfront infrastruc- Moderate compute
ture time
Research focus Rapid hypothesis Externally ver- Internal rep-
generation, pre- ifiable outputs resentational
liminary pattern aligned with structures
detection theoretical anno-
tations
Methodological Proof-of-concept in- Controlled, system- Model as quantifi-
emphasis vestigations atically verifiable able cognitive system
outputs
Theoretical vali- Medium High (robust valida- Deep insights
dation tion)

Processing granu-
larity
Primary use case

Coarse-grained

Early-stage ex-
ploration,  content
generation

Fine-grained linguis-
tic units

Theory-driven
firmatory research

con-

Variable-level analy-
sis

Understanding inter-
nal mechanisms and
cognitive modeling
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questions and the methodological affordances of each approach. The follow-
ing section provides detailed implementation guidance to support informed
application of these methods.

4 Implementing the Three Approaches

This section provides technical guidance for implementing each methodolog-
ical approach, outlining design principles, procedural workflows, and inter-
pretation frameworks necessary for robust application in language sciences
research. The threeh approaches can form a practical and flexible frame-
work that helps researchers select, combine, and apply methods effectively,
ensuring both methodological soundness and adaptability to diverse research
questions or tasks in language sciences.

4.1 Approach 1: Prompt-based interaction with general-
use models

The deployment of closed-source LLMs through prompt-based interaction re-
quires systematic design protocols, explicit documentation of all parameters,
and critical evaluation of outputs against established linguistic knowledge
(Giray, 2023; Marvin et al., 2023).

Prompt design principles: Effective prompts must balance specificity
and flexibility. Three core components structure prompt design: (1) explicit
task specification defining the linguistic phenomenon under investigation, (2)
standardized input formatting ensuring consistency across instances, and (3)
constrained output formatting facilitating systematic analysis.

Consider syntactic structure analysis as an illustrative case. The prompt
should articulate the analytical task (“identify main and subordinate clauses”),
provide the linguistic input in a consistent format, and specify the desired
output structure (clause type, grammatical subject, main verb). This con-
strains the response space while permitting the model to apply its learned
representations to the specific instance.

This strategy applies across linguistic subdomains. For phonological
analysis, prompts may request pattern induction from underlying-to-surface
form mappings. For pragmatic analysis, prompts may solicit identification of
implicatures and the Gricean maxims they invoke. The critical requirement
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is explicit specification of the analytical framework guiding interpretation.

Structured prompting for complex reasoning: Complex linguis-
tic analysis benefits from structured prompting techniques that decompose
tasks into explicit reasoning steps. Chain-of-thought (CoT) prompting (Wei
et al., 2022a) requests intermediate reasoning, which can improve both out-
put quality and interpretability (Zhou et al., 2022).

For ambiguity resolution, structured prompts may request several ex-
plicit steps. These include (1) enumeration of possible structural interpreta-
tions, (2) formal representation of each interpretation (such as phrase struc-
ture trees, dependency graphs, or logical forms), (3) evaluation of likelihood
based on frequency, context, or processing constraints, and (4) theoretical
explanation invoking relevant linguistic principles, including binding theory,
prosodic phrasing, and discourse salience.

4 I
Prompt template: Perform the following two tasks for the
sentence below:

Subtask 1 — Clause Analysis: Identify the main clause and
all subordinate clauses. For each clause, specify the grammat-
ical subject and main verb.

Subtask 2 — Syntactic Tree: Using the tikz-qtree La-
TeX package (or any LaTeX-compatible tree package), draw
a syntactic tree of the sentence following a standard syntactic
theory (e.g., X-bar theory, Minimalist Grammar, or Depen-
dency Grammar). Ensure that all clauses and major phrase
types are represented clearly.

Sentence: The proposal that the committee member who the
director had recommended submitted before the deadline was
approved, although some reviewers who had initially opposed
it changed their opinions.

Output Format:
« Main clause: [clause] (Subject: [X], Verb: [Y])

 Subordinate clause 1: [clause| (Subject: [X], Verb: [Y])
« Subordinate clause 2: [clause] (Subject: [X], Verb: [Y])
 Subordinate clause 3: [clause] (Subject: [X], Verb: [Y])
 Subordinate clause 4: [clause] (Subject: [X], Verb: [Y])

(. J

Consider the sentence, “The student that the professor who the dean
admired advised to revise the paper submitted it with hesitation”.

14



A structured prompt could elicit multiple types of analysis. First, it may
enumerate ambiguities, such as the attachment of the prepositional phrase
with hesitation” (modifying submitted, “revise”, or the entire complement
clause), the interpretation of relative clauses (that the professor ... advised
to revise the paper), and the control of pronouns across embedded clauses.
Next, it can request formal representations, including phrase structure trees
and dependency graphs, to capture each possible structural interpretation.
Subsequently, the model can evaluate processing-based predictions, consid-
ering parsing preferences such as minimal attachment or late closure, and
assess the likelihood of each attachment. Finally, the prompt can guide the
model to provide a theoretical explanation, discussing binding theory for pro-
nouns (it), prosodic phrasing effects on clause interpretation, and discourse
salience considerations.

Batch processing via Application Programming Interfaces (API):
Systematic application to a large amount of datasets necessitates pro-
grammatic interaction through APIs. The procedural workflow comprises sev-
eral steps: (1) authentication and model version specification, (2) template
construction with variable placeholders, (3) iterative instantiation across
dataset instances, (4) parameter standardization (particularly temperature
settings, which control output stochasticity), and (5) comprehensive meta-
data documentation.

The temperature parameter merits particular attention. Lower values
(0.0 to 0.3) reduce sampling variance, increasing consistency across queries at
potential cost to output diversity. However, even at temperature zero, most
commercial APIs do not guarantee deterministic outputs due to implementa-
tion details. This fundamental indeterminacy constrains the reproducibility
achievable through this approach.

Documentation requirements include: exact model identifier (e.g., “gpt-
4-0613” rather than merely “GPT-47), all sampling parameters, query times-
tamps, API version, and any preprocessing applied to inputs or outputs. This
metadata enables assessment of result stability and facilitates qualified repli-
cation attempts.

Intelligent Agents (AI Agents): Closed-source LLMs are highly sen-
sitive to prompt design and input order, with limited reproducibility of out-
puts. Building multi-agent systems (such as GPT-4, Gemini-2.5-flash, and
Grok-3) can integrate the strengths of different models, enhancing analytical
stability and functional coverage (Kapoor et al., 2024). For example, GPT-4
can serve as a syntactic analyzer, Gemini-2.5-flash as a pragmatic inter-
preter, Grok as a phonological transcriber, and Claude as a content verifier,
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collaboratively processing the multidimensional features of the sentence “The
bird that the fox saw flew”.

Sample Multi-Agent Output

Agent A (GPT-4, syntactic analyzer): Output: The main clause
is “The bird flew,” and the subordinate clause “that the fox saw” modifies
the subject “bird.”

Agent B (Gemini-2.5-flash, pragmatic interpreter): Output:
The sentence expresses a causal chain: the “fox” acts as perceiver, while
the “bird” is the protagonist.

Agent C (Grok-3, phonological analyzer): Output: /3o 'b3:d dot
0o 'f¢ks sor flu:/; primary stress falls on “bird” and “fox.”

Agent D (Claude-haiku-3.5, verification agent): Agent D inte-
grates and cross-checks outputs to ensure consistency across syntactic,
pragmatic, and phonological levels.

J

Moreover, by employing frameworks such as AutoGen, and LangChain
(Topsakal and Akinci, 2023; Guo et al., 2024), researchers can coordinate
role allocation, API invocation, and interaction logic, thereby achieving in-
tegrated analyses across syntactic, pragmatic, and phonological dimensions.
However, implementing these frameworks requires strategies that extend be-
yond simple Python programming.

Immediate prompts, APIs, or Al agents all require engagement with
prompt inputs, so we define this method as prompt-based interaction with
general-use LLMs. This approach provides robust data-driven support for
cross-level language modeling. A sample of the system output is shown
below (code available at https://osf.io/e6hjq). General-use LLMs en-
able efficient language research via prompt design and APIs. Structured
prompts support analysis of syntax, phonology, and pragmatics, while APIs
allow large-scale corpus studies for dialogue, dialect, and cross-cultural anal-
ysis. Multi-agent systems enhance granularity and stability, linking linguis-
tic structures to tasks without accessing internal model mechanisms. These
prompt-based methods also apply to mainstream open-source general-use
LLMs like DeepSeek and Qwen.

Despite these advantages, three fundamental limitations constrain this
approach. First, the opacity of model architectures and training data pre-
cludes a mechanistic understanding of their outputs. Second, while APIs
enable processing of massive datasets, this does not guarantee output qual-
ity, particularly given the tendency of closed-source LLMs to hallucinate.
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Table 2: Prompt-Based Interaction: Case Study (Exploratory Analysis)

Component

Detail of Case Study

Reporting
Standards

Research Question

What are the implicit semantic frames as-
sociated with the Chinese verbs shiluo
(“lost/disappointed”) and shibai (“failed”)
in contemporary internet discourse, and how do
they differ?

Prompt Strategy

Zero-Shot Chain-of-Thought (CoT) Prompting.
The model is instructed to first identify the most
likely three-word context (agent, patient, or cir-
cumstance) for the target verb and then explain
the resulting semantic frame before outputting
the final frame name.

Prompt Engineer-
ing (CoT wused),
Temperature (Set

to T =0.7)

Data/Input

contextualized examples of each verb extracted
from a specialized corpus of social media text.

Input Data
(Source and size)

Finding Example

GPT-40 consistently associated shiluo with
frames centered on internal, non-volitional
states (e.g., ‘Empathy Gap,” ‘Self-Esteem Ero-
sion’), while shibai was linked to external, voli-
tional, and measurable outcomes (e.g., ‘Compe-
tition Failure,” ‘Project Termination’).
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As a result, they may be more suitable for tasks involving coarse-grained
linguistic units rather than complex analyses. Third, sensitivity to prompt
formulation introduces a degree of arbitrariness in the results. Moreover,
although this approach can improve output coherence, it does not ensure
theoretical validity. Model-generated analyses must be evaluated by experts
against established linguistic frameworks. Consequently, the primary value of
this methodology lies in the rapid generation of analytical hypotheses rather
than in producing authoritative linguistic judgments.

Overall, this approach serves exploratory rather than confirmatory re-
search functions. It enables rapid hypothesis generation, preliminary pattern
detection, and proof-of-concept investigations. However, it does not support
strong claims about linguistic theory or cognitive processing without corrob-
orating evidence from more rigorous methodologies. Table 2 presents a case
study illustrating prompt-based interaction for exploratory analysis. When
research goals require high reproducibility, robust theoretical validation, and
processing of fine-grained linguistic units, researchers may consider Approach
2, which involves fine-tuning or employing existing specialized language mod-
els. This alternative provides more controlled and systematically verifiable
outputs.

4.2 Approach 2: Applying specialized open-source mod-
els

The current ecosystem of open-source models offers extensive resources for
linguistic exploration. Platforms such as HuggingFace host more than two
million publicly available models covering diverse architectures, domains, and
languages. Researchers can often identify existing models that already per-
form annotation, classification, or generation tasks relevant to their studies.
Employing such specialized models can significantly reduce computational
costs and accelerate research. However, when existing specialized models do
not align with the theoretical constructs or linguistic phenomena under inves-
tigation, such as specialized syntactic distinctions, pragmatic inferences, or
lesser-studied languages, researchers may need to fine-tune models to achieve
task-specific or theory-driven objectives.

Fine-tuning models for specific linguistic tasks enables reproducible,
quantitatively evaluated research addressing well-defined questions (Lasri
et al., 2022; Liu et al., 2025; Alizadeh et al., 2023; Tan et al., 2024). This
approach requires greater technical infrastructure but provides transparency
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and control absent from closed-source alternatives.

Task formulation and dataset construction: Rigorous application
begins with precise operationalization of linguistic constructs as computa-
tional tasks. Common formulations include sequence classification (mapping
texts to categorical labels), token classification (assigning labels to individual
words or subwords), and sequence-to-sequence transformation (generating
output texts from inputs).

Dataset partitioning follows standard machine learning practice: train-
ing (typically 60-80% of data), validation (10-20%), and test (10-20%) sets.
The training set optimizes model parameters. The validation set guides hy-
perparameter selection and early stopping. The test set, reserved until final
evaluation, provides unbiased performance estimates. Critically, test set com-
position must not influence any modeling decisions to avoid overoptimistic
performance estimates.

Model selection and training procedures: Pre-trained model selec-
tion should align with research objectives. BERT and its variants (RoBERTa,
ELECTRA) excel at encoding tasks requiring bidirectional context, suit-
able for classification and sequence labeling. Encoder-decoder models (T5,
BART) suit generation tasks. Multilingual models (mBERT, XLM-R) en-
able cross-linguistic analysis. Domain-specific models (BioBERT, SciBERT)
may outperform general models on specialized corpora.

The training procedure involves several stages. First, tokenization con-
verts text to model input format, requiring decisions about maximum se-
quence length (longer sequences increase computational cost but preserve
context) and padding strategy (pad to maximum length versus batch-maximum
length). Second, hyperparameter configuration specifies learning rate (typi-
cally 1x107° to 5x 107 for fine-tuning), batch size (constrained by available
memory), number of epochs (commonly 2-5), and optimization algorithm

(AdamW is standard).

Third, training iterates through the dataset, updating model parameters
to minimize loss on training examples while monitoring validation perfor-
mance. Early stopping halts training when validation performance plateaus,
preventing overfitting. Fourth, the best-performing checkpoint according to
validation metrics is selected for final evaluation.

Reproducibility requires documentation of all decisions: base model
and version, tokenization parameters, random seeds, hyperparameter val-
ues, hardware specifications (GPU model, memory), and training duration.
Publishing code and trained models enables direct replication and facilitates
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Table 3: Specialized Open-Source Language Models: Identification and Fine-

Tuning

Component

Details

Reporting
Standards

Research Question

Can an open-source LLM, either directly or af-
ter fine-tuning, reliably distinguish between telic
(goal-completed) and atelic (ongoing) event de-
scriptions in a typologically diverse language
(e.g., Swahili), and how does its performance
compare to human annotators?

Clear definition of
research objective

Model Identification

Search existing specialized models on platforms
such as HuggingFace for suitability to event-
type classification. Select models already opti-
mized for sequence classification or multilingual
corpora.

Documentation of
selection criteria,
model name, ver-
sion, and source

Dataset  Construc-

tion

Custom dataset of 3,000 Swahili sentences. An-
notators: N = 3 native speakers. Inter-
Annotator Agreement (Cohen’s x = 0.85).
Dataset includes minimal pairs designed to cap-
ture theoretical contrasts.

Data size, anno-
tation process,
TAA, and theoret-
ical coverage

Fine-Tuning Proce-
dure

LoRA (Low-Rank Adaptation) applied if model
requires adaptation. Rank r = 8, a = 16.
Training: 5 epochs, learning rate 2 x 1075,
weight decay 0.01. Early stopping based on val-
idation performance.

Hyperparameters,
adaptation
method, training
procedure
mented

docu-

Findings

Fine-tuned LLM achieved F1-score of 0.82. Per-
forms well on typical sentences but shows errors
in representing internal event structure for fre-
quentative forms. Provides insight for theoreti-
cal interpretation and model refinement.

Critical  evalua-
tion, including
limitations
areas of system-
atic error

and

cumulative science.

Reporting standards for reproducibility: Complete methodologi-
cal reporting enables replication and facilitates meta-analysis across studies.
Essential components include: model architecture specification (e.g., “google-
bert/bert-base-uncased” from HugginFace), training data description (size,
source, annotation procedure, inter-annotator agreement), complete hyper-
parameter specification, computational requirements (GPU hours, hardware
specifications), evaluation metrics with confidence intervals, and error anal-
ysis results. Table 3 presents a case study illustrating fine-tuning for theory-
driven investigation.

Nevertheless, interpreting the internal mechanisms of fine-tuned models
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remains challenging. For investigating how the model represents linguistic
knowledge, researchers may turn to Approach 3 (Embedding-Based Quanti-
tative Analysis).

4.3 Approach 3: Embedding-based quantitative anal-
ysis

Approach 2 aims to produce LLM outputs that align with theoretical anno-
tations or predictions, focusing on the model’s behavior and its observable
responses to tasks. In contrast, Approach 3 (Embeddings) investigates the
internal representational structure of LLMs, treating the model as a quantifi-
able cognitive system and leveraging its internal variables to explain human
behavior or linguistic phenomena. Together, these approaches provide a
complementary framework: while Approach 2 emphasizes externally verifi-
able outputs, Approach 3 probes the internal mechanisms underlying those
outputs, enabling deeper theoretical and cognitive insights.

Embedding extraction transforms linguistic data into numerical repre-
sentations amenable to statistical analysis, enabling quantitative investiga-
tion of semantic, syntactic, and pragmatic phenomena (Tenney et al., 2019a;
Jawahar et al., 2019; Reimers and Gurevych, 2019; Giulianelli et al., 2020;
Conneau et al., 2020).

Embedding extraction methods: Contextualized embeddings repre-
sent words or sentences as high-dimensional vectors (typically 768 to 1024
dimensions) encoding distributional information from model training. Ex-
traction requires several methodological decisions that affect downstream
analysis.

Layer selection determines which model representations are extracted.
Transformer models comprise multiple layers (12 or 24 commonly), each
learning different abstractions. Early layers capture surface features and syn-
tax, while later layers represent more abstract semantic information (Tenney
et al., 2019b). Task requirements should guide selection: syntactic analy-
sis may benefit from middle layers, while semantic similarity analysis often
performs better with later layers.

Aggregation strategy converts token-level embeddings to sentence-level
representations. Mean pooling averages embeddings across all tokens. Us-
ing the CLS token embedding (in BERT-style models) leverages the model’s
learned sentence representation. Max pooling captures the maximum value
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across tokens for each dimension. Weighted averaging applies importance
weights based on attention mechanisms or term frequency. For autoregres-
sive models like GPT, the last token embedding accumulates information
from all previous tokens. Multi-layer aggregation combines embeddings from
different layers through averaging or concatenation. These methods produce
different representations; choice should be justified and documented.

The extraction procedure must be specified precisely: model name and
version, specific layer(s) used, aggregation method, any normalization applied
(unit normalization is common for similarity analysis), and contextual scope
(isolated sentences versus sentences in document context).

Similarity and distance analysis: Quantifying relationships between
embeddings typically employs distance or similarity metrics. Cosine similar-
ity, ranging from —1 to 1, measures angular similarity independent of vector
magnitude. Euclidean distance captures absolute differences but is sensitive
to vector norms. The choice depends on whether relative direction (cosine)
or absolute position (Euclidean) better operationalizes the linguistic relation-
ship of interest.

Similarity analysis proceeds through several steps: embedding extraction
for all items of interest, computation of pairwise similarities, and interpre-
tation relative to theoretical predictions or empirical baselines. Crucially,
similarity values should be interpreted comparatively rather than absolutely.
There is no universal threshold for high or low similarity; interpretation de-
pends on the distribution of similarities within the dataset and theoretical
expectations.

Clustering and dimensionality reduction: Unsupervised clustering
algorithms partition embeddings into groups based on similarity, potentially
revealing linguistic categories or patterns. Common algorithms include k-
means clustering (requiring pre-specification of cluster number), hierarchical
clustering (producing dendrograms showing nested groupings), and density-
based methods like DBSCAN (identifying arbitrarily shaped clusters).

Cluster quality metrics assess whether discovered groupings are mean-
ingful. Silhouette scores quantify how well instances fit their assigned clusters
relative to other clusters. Davies-Bouldin index measures cluster separation
and compactness. These metrics help select appropriate numbers of clusters
and evaluate whether clustering reveals genuine structure versus artifacts.

Dimensionality reduction techniques project high-dimensional embed-
dings to two or three dimensions for visualization. t-SNE (t-distributed
stochastic neighbor embedding, (Maaten and Hinton, 2008)) preserves lo-
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cal neighborhood structure, emphasizing fine-grained distinctions. UMAP
(Uniform Manifold Approximation and Projection) balances local and global
structure. PCA (Principal Components Analysis) finds linear projections
maximizing variance.

Statistical modeling and hypothesis testing: Embedding-based
metrics can test specific hypotheses about linguistic phenomena through in-
ferential statistics. The general framework involves: (1) extracting embed-
dings for relevant instances, (2) computing theoretically motivated metrics
(similarity, clustering coefficients, dimensional projections), (3) applying ap-
propriate statistical tests, and (4) interpreting results in linguistic terms.

Regression models can assess whether embedding-based metrics predict
behavioral or neural measures while controlling for confounds. For instance,
correlating embedding-based surprisal (derived from language model proba-
bilities) with reading times while controlling for word length and frequency
tests whether distributional information predicts processing difficulty.

Downstream task applications: Embedding-based analysis supports
three primary analytical approaches: regression analysis for predicting lin-
guistic outcomes, clustering for discovering categories, and dimensionality
reduction for exploring structure.

Regression applications use embedding features to predict linguistic vari-
ables. Research might extract sentence embeddings to predict syntactic com-
plexity scores, readability ratings, or processing times. The high dimension-
ality of embeddings requires careful treatment through principal components
reduction or regularized regression methods.

Clustering applications partition linguistic items to discover or validate
categories. Researchers might cluster word embeddings to identify seman-
tic fields, or cluster sentence embeddings to categorize discourse functions.
Validation is critical: compare discovered clusters to existing linguistic cat-
egories, assess cluster coherence through expert evaluation, or test cluster
stability through cross-validation.

Linking embeddings to linguistic constructs: A fundamental inter-
pretive challenge concerns the relationship between embedding space proper-
ties and theoretical linguistic constructs. Embeddings encode distributional
co-occurrence patterns from training corpora. That two words have sim-
ilar embeddings indicates they appear in similar contexts, not necessarily
that they share semantic features, belong to the same syntactic category, or
instantiate the same theoretical construct.
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Interpretation therefore requires careful argumentation. Researchers
must articulate why distributional similarity should correlate with the lin-
guistic property of interest, acknowledge alternative explanations for ob-
served patterns, and triangulate embedding-based findings with other ev-
idence types (behavioral experiments, corpus analysis, theoretical predic-
tions).

For example, high embedding similarity between metaphorical and lit-
eral uses of a word might reflect genuine semantic flexibility, or merely that
both uses appear in diverse contexts. Disambiguating these interpretations
requires additional analysis: examining which contexts drive similarity, com-
paring with explicitly polysemous words, or correlating with human similarity
judgments, particularly useful in language variation, language changes, soci-
olinguistics, and language typology (Periti and Tahmasebi, 2024; Lucy and
Bamman, 2021; Aljanaideh et al., 2020; Grieve et al., 2025).

4.4 The method-selection framework: Bridging objec-
tives and LLM paradigms

The preceding sections outlined the implementation of the three methodolog-
ical approaches. Based on these details and the model selection recommen-
dations, a method-selection framework naturally emerges. This practical and
flexible framework organizes the three approaches (i.e., prompting, special-
ized or fine-tuning, and embeddings), according to their respective research
functions and practical constraints (see Table 1). It provides researchers
with structured guidance for selecting models and methods suited to specific
tasks and research questions. In this sense, the framework serves as a deci-
sion roadmap that offers clear and adaptable criteria for choosing appropriate
LLM strategies and implementation techniques in language science research.

To counter the prevailing methodological disarray, the core of this study
is the method-selection framework, designed to guide researchers toward re-
sponsible and efficient decision-making. The value of this framework lies in
its “dual matching mechanism”.

Objective-driven matching: The framework systematically catego-
rizes linguistic research objectives into three distinct types: (1) ez-
ploratory analysis and hypothesis generation; (2) confirmatory, theory-
driven experimentation; and (3) quantitative analysis and mechanism
probing. Crucially, the framework then provides a unique match be-
tween each objective type and the most suitable LLM application paradigm
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Table 4: Embedding-Based Explorations: Quantitative and Computational

Analysis

Component

Detail of Case Study

Reporting
Standards

Research Question

Do contextualized representations of grammati-
cal agreement markers exhibit consistent struc-
tural relationships across different layers, reflec-
tive of their hierarchical syntactic nature?

Theoretical Moti-
vation

LLM Used BERT-base-uncased (12 layers, 768 dimensions) Model Specifica-
tion
Data/Input Controlled corpus of 1,000 minimal pairs (e.g., Input Data

“The key is on the table” vs. “The keys are
on the table”), focusing on verb embeddings

(is/are)

Extraction Method

Token-level embeddings extracted for target
verbs from layers 6, 9, and 12

Extraction Proto-
col

Aggregation No aggregation (token-level analysis); embed- Aggregation
dings compared within-sentence across minimal Strategy
pairs

Analysis Method Cosine similarity computed between agree- Statistical
ment marker embeddings within each minimal Method
pair; similarities compared across layers using
repeated-measures ANOVA; PCA performed on
embeddings from each layer

Results e.g., Layer 9 showed highest within-pair simi- Quantitative
larity (M = 0.89, SD = 0.08) compared to Findings
Layer 6 (M = 0.76, SD = 0.12) and Layer 12
(M = 0.71, SD = 0.15); F(2,1998) = 247.3,

p < 0.001, %2 = 0.20

Interpretation Mid-level layers are optimized for encoding lo- Linguistic Inter-

cal syntactic dependencies necessary for agree- pretation

ment, while earlier layers capture surface forms
and later layers encode more abstract sentence
meaning, supporting hierarchical processing ac-
counts
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(prompting, fine-tuning, or embedding). This structured approach en-
sures that the chosen method is inherently aligned with the scientific
goal.

Resource and trade-off matching: The framework clearly artic-
ulates the technical implementation details, inherent trade-offs (e.g.,
black-box vs. white-box access, data volume requirements, computa-
tional cost), and scope of applicability for each LLM method. This ex-
plicit resource-driven guidance ensures that researchers can efficiently
select and deploy the correct methodology based on their available re-
sources (e.g., data quality, computational power), thereby fundamen-
tally preventing the inefficiency and errors caused by an objective-
method mismatch.

This method-selection framework is formalized as a structured decision-
pathway, guiding researchers to the optimal LLM approach based on a
multi-dimensional assessment of research objectives, available resources (data
quantity, computational budget), and the required level of interpretability
(e.g., choosing fine-tuning over prompting when high data efficiency is prior-
itized).

Also the method-selection framework is intended as flexible guidance
rather than a rigid prescription. Researchers are encouraged to adapt its
recommendations to the demands of their specific projects. Method selec-
tion often involves balancing epistemological soundness, technical feasibility,
and available resources. Thus, decisions should remain context-sensitive, in-
formed by both theoretical aims and practical limitations. By treating the
framework as a guiding structure rather than a fixed rulebook, scholars can
make methodologically sound and context-appropriate choices.

At the core of this framework lies the principle that the research question
and task complexity should drive the choice of methodology. Each method
must align with the epistemological aim of the study, whether exploratory,
confirmatory, or mechanistic. Selecting a method merely for convenience
risks a mismatch between tool and inquiry, which can compromise both in-
terpretability and validity. The primary goal is therefore to ensure that
methodological robustness serves the research purpose.

While the method-selection framework provides a conceptual structure
for choosing among LLM approaches, its focus remains on deciding which
method best fits a given research question and constraint. In real-world ap-
plications, however, language science research often requires the integration
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of multiple methods across stages of inquiry. Researchers may need to com-
bine exploratory prompting with targeted fine-tuning or embedding-based
analysis in iterative cycles. This complexity calls for a more comprehensive
framework that supports integration, workflow design, and methodological
interaction beyond decision-making alone.

5 Constructed Configurations Framework for
LLM Applications

Methodological guidance must ultimately translate into executable, repro-
ducible practice. To this end, we propose the constructed configurations
framework, whose central value lies in providing a systematic and repro-
ducible blueprint for the implementation of the “multi-stage research pipelines”
common in language science.

The method-selection framework serves primarily as a conceptual guide
for choosing suitable approaches based on research goals, data, and resource
constraints. However, not every study must adopt all three approaches, nor
should they be seen as sequential steps. In many research settings, different
methods are combined or iterated as the project develops.

To accommodate this need for flexibility, we propose a systematic frame-
work for structuring LLM-based research in the language sciences. This
framework extends the method-selection framework by emphasizing method
integration, workflow organization, and iterative refinement. Rather
than focusing solely on what approach to use, it provides an architecture for
how to connect and coordinate multiple approaches within a co-
herent research pipeline. This systematic framework links exploratory,
confirmatory, and representational analyses into an iterative process within
a unified structure, thereby supporting the accumulation of reproducible and
theoretically grounded findings.

This framework should be understood as a theoretically informed but
adaptable blueprint rather than a fixed model. It aims to foster transparent,
cumulative, and integrative research design by promoting interaction among
methods and iterative refinement across stages of inquiry. In doing so, it
provides a more comprehensive structure for applying large language models
to empirical research in the language sciences.

This configuration framework provides a catalogue of constructed con-
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figurations to guide multi-stage research pipelines. Each configuration is
defined by a formal notation:

C' = Sequence(M; — My — --- — M,),

where M; € {Prompt, Finetune, Embed}, specifying a robust process
flow. For example, the refinement configuration can be represented as:

CRefinement = Prompt — Finetune — Embed.

Our configuration framework ensures seamless practical implementation
by providing structured steps, clear parameter specifications, and explicit
transition logic between methods. This systematic approach guarantees two
key outcomes:

Practical implementation efficacy: Researchers can use the frame-
work’s visual and textual blueprint to rapidly construct and execute
complex LLM research pipelines, significantly lowering the technical
barrier to entry.

Verifiable reproducibility: Each constructed configuration repre-
sents an independently verifiable unit. This systematic standardization
of the research process provides a robust guarantee for the “experi-
mental reproducibility” that the language science community urgently
requires, directly addressing the core challenge of the reproducibility
crisis.

5.1 Framework architecture and design principles

The systematic framework organizes the methodological approaches into a
modular architecture guided by three core principles. First, each approach
can be deployed independently or combined with others, depending on re-
search objectives, theoretical orientation, and computational resources. Sec-
ond, findings obtained through one approach can inform and refine subse-
quent analyses, supporting iterative development of hypotheses and models.
Third, method selection and integration should be explicitly grounded in
research questions and evidentiary standards within specific subfields of lan-
guage sciences.
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This architecture reflects established practice in computational research
but contributes by making the logic of integration explicit and accessible to
scholars less familiar with technical methodologies. The goal is not to pre-
scribe a rigid pipeline but to clarify how modular components interconnect,
enabling transparent, reproducible, and theoretically interpretable research
designs.

In the schematic representation of the framework, the three approaches
form interlinked modules, with arrows indicating possible directions of ana-
lytical progression and feedback. Nevertheless, actual research rarely follows
such a linear sequence. Unexpected findings, practical limitations, or the-
oretical debates may necessitate deviations from the idealized flow. The
framework should not be taken as a strict procedural rulebook.

5.2 Two prototypical configurations

To demonstrate how this modular system can be applied, we outline two
prototypical configurations that combine the proposed approaches in com-
plementary ways. These are simplified examples meant to illustrate typical
integration patterns rather than prescribe fixed procedures. In practice, im-
plementations are dynamic, involving iteration, reanalysis, and methodolog-
ical adaptation. The general structure of these configurations is shown in
Fig. 1, offering concrete reference points for designing multi-stage or hybrid
LLM studies in linguistics.

5.2.1 Configuration 1: Exploration and quantification (Approaches/Stages
1+ 3)

This configuration combines prompt-based exploration with embedding-based
analysis, omitting the resource-intensive fine-tuning stage. It suits exploratory
research where rapid iteration is prioritized over maximum reproducibility.

Workflow. Stage 1 uses general-use LLMs to generate hypotheses or prelim-
inary classifications. Stage 3 applies embedding-based methods to quantify
patterns suggested by Stage 1. Results from Stage 3 may validate, contradict,
or complicate Stage 1 findings.

Advantages. Minimal infrastructure requirements, rapid exploration of novel
phenomena, and efficient scaling to large corpora.
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Figure 1: Systematic Framework for LLM-based Language Sciences. Note:
This framework illustrates a dual-path approach that aligns research design with resource
conditions and study purposes. The left path (Configuration 1) supports exploratory stud-
ies with limited resources, emphasizing rapid pattern discovery and theoretical innovation
through prompt-based hypothesis testing and quantitative analysis. The right path (Con-
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odel analysis to yield validated theories and
deployable systems. Both configurations share a common foundation of critical research

requirements and lead to diverse applications across theoretical and applied linguistic do-




Limitations. Reproducibility constraints from Stage 1, lack of custom model
training that might better capture domain-specific patterns, and absence of
systematic evaluation metrics from supervised learning.

Appropriate use cases. Preliminary investigations where creating annotated
training data is impractical. Inappropriate use cases. When reproducibility
is essential, when strong empirical claims require robust support, or when the
phenomenon demands precision that general-purpose models cannot provide.

To sum up, Configuration 1 is suitable for small-scale investigations that
emphasize rapid pattern discovery and deep theoretical innovation. The lin-
guistic granularity in this configuration is relatively coarse, focusing on fea-
tures such as part-of-speech categories, basic grammatical structures, and
broad emotional dimensions. It is particularly well suited for studying rep-
resentative linguistic phenomena in areas such as pragmatics (e.g., implica-
ture), syntax (e.g., dependency relations), and sociolinguistics (e.g., gender-
related variation).

Application example 1: Emoji effects on utterance interpreta-
tion

Methodological note: This example illustrates the configuration but
should not be taken as definitive evidence that the approach works
well for this question. Alternative methods might yield different or
contradictory findings.

RESEARCH QUESTION: How do emoji additions modulate pragmatic in-
terpretation of utterances? (Herring and Ge-Stadnyk, 2024; Liu et al.,
2021)

STAGE 1: EXPLORATION

Construct 500 neutral utterances paired with diverse emojis. Query
GPT-4 via API to generate interpretations of each combination, requesting
assessments of speaker attitude and emotional valence.

Methodological issues: Model outputs vary with prompt wording and
temperature settings. Different queries of the same combination can yield
inconsistent interpretations. The model’s understanding of emojis may re-
flect training data patterns rather than pragmatic principles. We cannot
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determine whether outputs reflect genuine pragmatic reasoning or surface
pattern matching.

Preliminary patterns: Positive symbols (+) tend to amplify positive in-
terpretations, whereas negative symbols (-) often introduce ironic or sarcas-
tic readings. The consistency remains nice: approximately 75% of outputs
contradict this trend or yield ambiguous interpretations. Even when incor-
porating an additional LLM (e.g., Gemini) as a validation agent to improve
precision, overall consistency remains below 85%. This means that the clas-
sifier task could be done well by LLMs. However, we want to have further
analysis quantitatively.

STAGE 3: QUANTIFICATION

Extract BERT embeddings for each utterance-emoji combination. Com-
pute cosine similarities to prototypically positive, negative, and neutral ex-
pressions. Conduct statistical tests comparing similarity distributions.

Results: Utterances with positive emojis show higher similarity to pos-
itive expressions (M = 0.84, SD = 0.09) than baseline (M = 0.61, SD =
0.12; ¢(498) = 124, p < 0.001, d = 1.1). Negative emoji combinations
cluster with negative/ironic expressions (M = 0.71 vs. baseline M = 0.48;
t(498) = 9.8, p < 0.001, d = 0.9).

CRITICAL EVALUATION

Interpretation challenges: These findings demonstrate that emoji-modified
utterances occupy different regions of BERT’s embedding space. However,
what this means for pragmatic interpretation is unclear. The correlation
between embedding similarity and human pragmatic judgment requires vali-
dation through behavioral experiments. BERT was not trained to represent
pragmatic meaning; observed patterns may reflect superficial co-occurrence
rather than pragmatic principles.

Limitations: No human judgment data validates model interpretations.
No comparison with alternative methods (human annotation, behavioral ex-
periments) demonstrates whether this approach yields insights unavailable
through other means. The statistical effects, while significant, do not es-
tablish that the approach successfully addresses the research question in a
theoretically meaningful way.
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5.2.2 Configuration 2: Comprehensive workflow (Approaches/Stages
1+ 2+ 3)

This configuration integrates all three approaches into a full pipeline. It
addresses complex questions requiring multiple evidence types but demands
substantial resources and expertise.

The workflow begins with Stage 1 exploration, proceeds to Stage 2 su-
pervised learning with annotated data, and concludes with Stage 3 pattern
analysis across larger corpora. In practice, the process is rarely linear. Anno-
tation difficulties may require returning to Stage 1 for revised operationaliza-
tions. Model failures may reveal that the phenomenon is not computationally
tractable as formulated. Stage 3 may uncover unexpected patterns that con-
tradict Stage 2 results.

This configuration provides multiple forms of evidence but does not guar-
antee valid conclusions. Fach stage introduces potential errors: Stage 1
from model inconsistencies, Stage 2 from annotation decisions and modeling
choices, Stage 3 from interpretation of distributional patterns. Errors can
compound rather than canceling out.

To sum up, Configuration 2 is suitable for two typical cases in lan-
guage sciences. The first involves complex linguistic phenomena that require
large-scale investigations with fine-grained linguistic granularity and intri-
cate patterns, such as distinctions between prepositions and implicatures,
sarcasm detection, and the analysis of zero anaphora (Sun, 2019). The sec-
ond concerns system implementation, where the research goal is to build
systems capable of automatically identifying or precisely detecting linguis-
tic phenomena in language data, such as diagnosing language disorders in
children or detecting toxic content in children’s books. Table 5 illustrates
this comprehensive configuration focused on maximizing data quality and
aligning LLM capabilities with established theoretical frameworks.

This iterative process is crucial for resource-constrained or theory-focused
linguistics. It uses the LLM’s speed for initial data generation (Stage 1), its
reproducibility for validation and scaling (Stage 2), and its internal structure
for deep theoretical insight (Stage 3).

Application example 2: Topic tracing in Chinese discourse

Methodological note: This example demonstrates integration of all
three stages but highlights the challenges that arise when combining
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Table 5: Prototypical Configuration 2: Theory Validation and Annotation

Stage Approach Used Goal Output

Stage 1 (Rapid Prompt-Based Inter- To rapidly generate a pilot A  high-volume, ini-

Prototyping) action (Approach 1) dataset of linguistically am- tial Draft Annotation
biguous or complex examples Set (low confidence).
based on the researcher’s spe- This set allows the
cific theoretical criteria (e.g., researcher to refine
identifying subtle differences annotation guidelines
between near-synonyms). and identify edge cases.

Stage 2 (Re- Fine-Tuning (Ap- To train a high-precision, re- A High-Confidence,

finement and proach 2) producible classifier that can Fine-Tuned Model

Validation) validate the human annota- (e.g., F1 > 0.90) and

tion process and potentially
scale the annotation.

a Gold-Standard An-
notated Corpus (where

model predictions
match human anno-
tations).  The model

serves as a ‘repro-

Stage 3 (Mech-
anism Insight)

Embedding-Based
Analysis (Approach
3)

To use the gold-standard cor-
pus to probe the model’s in-
ternal representations,
firming whether the model’s
internal linguistic processing
aligns with the human-derived
linguistic theory.

con-

ducible annotator” for
future data.

Vector Visualization
(e.g., tSNE plot)
showing that the
embeddings for the
theory-relevant fea-

tures cluster distinctly,
thereby providing
evidence for the repre-
sentational validity of
the linguistic construct
within the model.
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multiple imperfect methods.

RESEARCH QUESTION: How can topic introduction, maintenance, and

reintroduction be automatically identified in Chiense discourse? (Sun,
2019; Wei et al., 2024; Zhang et al., 2021)

STAGE 1: HYPOTHESIS GENERATION

‘RESEARCH QUESTION: ‘ How can topic chains with zero anaphora be au-
tomatically identified in Chinese discourse?

Topic chains refer to sequences of clauses connected by zero anaphora
(phonetically null pronouns) in Chinese discourse. For example:

INRETHRIE. O ET¥R O BEKT -
Xiaoming went to the store. [He] bought apples. [He] went home.

The subject “Xiaoming” appears only once but is implicitly understood
across all three clauses (marked as (). This phenomenon is quite challenging
for computational and quantitative research because: (1) zero anaphora lacks
overt linguistic markers, (2) topic boundaries are often ambiguous, and (3)
resolution requires deep pragmatic understanding (Li, 1976).

However, with the aid of LLMs, we can potentially facilitate data-driven
research on this topic. LLMs can: (1) automatically identify zero anaphora
positions through contextual inference, (2) resolve coreference chains by
tracking implicit referents, and (3) enable large-scale corpus annotation for
quantitative analysis (Sun, 2019; Wei et al., 2024; Zhang et al., 2021).

First, sample the 200 texts with discourse chains. Use GPT-4 to identify
topic chains, requesting classification of mentions as introduction, continua-
tion, or reintroduction and description of linguistic devices.

Challenges encountered: Output consistency varied considerably. Across
50 segments analyzed three times with identical prompts, agreement between
runs averaged only 30.2% (Fleiss’ k = 0.24), suggesting low reliability. Cer-
tain patterns appeared genre-specific, yet the models failed to consistently
indicate which patterns were generalizable. Incorporating two additional
LLMs (e.g., Gemini, Grok) into an ensemble or agent setup increased agree-
ment to about 38.6%. Despite this modest improvement, such annotations
remain unsuitable for direct research use.

These inconsistencies make it impractical to employ Stage 1 outputs as
finalized annotations. Instead, we use them to identify candidate phenomena
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for Stage 2 annotation, treating Stage 1 primarily as a hypothesis-generation
phase rather than as a preliminary labeling step.

\STAGE 2: MODEL DEVELOPMENT\

Create annotated training data with 1,000 texts. Expert annotation
following guidelines refined from Stage 1 insights. Inter-annotator agreement
(Fleiss” kappa = 0.78) indicates reasonable but not perfect reliability, with
persistent disagreements on ambiguous reintroductions. Fine-tune RoBERTa
for sequence labeling. Performance on held-out test data: F1 = 0.81 for
continuation, F'1 = 0.74 for introduction, F'1 = 0.69 for reintroduction.

Limitations: Performance varies by genre (news F'1 = 0.83; conversation
F1 = 0.72). The model struggles with ambiguous cases that challenged
human annotators. Error analysis reveals systematic failures on discourse
segments with multiple competing topics, suggesting the model relies on local
cues rather than global discourse representation.

STAGE 3: LARGE-SCALE ANALYSIS

Apply trained model to 5,000 texts. Extract embeddings for topic-
referring expressions grouped by predicted role. Analyze similarity patterns.

Findings: Topic continuations show higher similarity to antecedents
(M = 0.87) than reintroductions (M = 0.72; #(48998) = 43.2, p < 0.001,
d = 0.61). Similarity decays during topic gaps and partially recovers at
reintroduction. Genre differences emerge in topic management strategies.

Complications: These patterns hold for model predictions, but given
Stage 2’s 0.69-0.81 F1 scores, approximately 20-30% of predictions are in-
correct. Patterns observed in Stage 3 may partially reflect model biases
rather than true discourse structure. Distinguishing genuine linguistic pat-
terns from modeling artifacts requires additional validation that this study
did not perform.

INTEGRATION AND OVERALL ASSESSMENT

Stage 1 identified relevant phenomena and generated hypotheses. Stage
2 developed a working system with quantified performance. Stage 3 revealed
distributional patterns. However, multiple limitations accumulate: Stage
1 inconsistency, Stage 2 errors especially on complex cases, and Stage 3
interpretive challenges. The research provides useful preliminary findings but
falls short of definitive conclusions about topic management in discourse.
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5.3 Constructed configurations framework for method
selection

We proposed this constructed configurations framework that integrates epis-
temological orientation, methodological design, and practical constraints into
a coherent process (Fig. 1). The goal is not to prescribe a single best practice,
but to provide a transparent structure that helps researchers make principled
and reproducible methodological choices.

This systematic framework begins with the formulation of a clear re-
search question, followed by an assessment of available resources and study
type. This step determines whether the study is exploratory, typically con-
strained by limited data or budget, or confirmatory, supported by richer
resources. A set of critical requirements, including an explicit research ques-
tion, alignment between method and research goal, theoretical grounding,
reproducibility documentation, and acknowledgment of limitations, must be
satisfied before proceeding to implementation.

Two operational configurations are defined within this framework. Con-
figuration 1 supports exploratory inquiry with limited resources, emphasizing
prompt-based exploration and quantitative analysis to identify distributional
patterns and generate hypotheses. Configuration 2 applies to confirmatory
studies with sufficient resources, involving a complete pipeline of prototyp-
ing, fine-tuning, and deep analysis aimed at theory validation or deployable
system construction. Although the framework suggests a linear progression
between these configurations, research practice often involves iteration and
adaptation in response to theoretical or practical challenges.

The underlying principle is that methodological choice should be driven
by the research question and aligned with the epistemological aim of the
study. Exploratory investigations benefit from flexible, rapid methods, whereas
confirmatory inquiries require thoroughness, annotation quality, and repro-
ducibility. When constraints prevent full methodological soundness, researchers
should explicitly frame their study as exploratory and limit claims accord-
ingly. Transparency about trade-offs and limitations is central to the frame-
work’s ethical foundation.

Table 6 summarizes crucial considerations for selecting between the two
operational configurations. These are intended as flexible guidelines rather
than fixed prescriptions, as appropriate methodological choices depend on
research objectives, available resources, and disciplinary conventions.
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Table 6: Considerations for Selecting Operational Configurations

Consideration Configuration 1 (Stages Configuration 2 (Stages
1+3) 1+2+3)

Research phase Exploratory Confirmatory

Primary goal Pattern discovery and hypothesis Robust validation and system de-
generation ployment

Resources needed Moderate Substantial

Data availability
Timeline
Reproducibility

Technical exper-
tise
Risk of failure

Unannotated or public corpora
Weeks to months

Moderate, limited by prompt
variability

Moderate

Moderate (limited scope)

Annotated or annotatable data
Months to years

Higher, supported by docu-
mented pipelines
High

High (complex dependencies)

Appropriate Studying new or poorly under- Empirical validation or theo-
when stood phenomena; resources are retical testing required; repro-
limited; rapid iteration needed; ducibility essential; sufficient
annotated data unavailable data and computational capacity

available
Inappropriate Strong theoretical claims or Exploratory insights or flexible
when high reproducibility standards experimentation needed; annota-

required

tion infeasible; research question
not precisely defined
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5.4 When not to use this framework

This framework has several inherent limitations that constrain its applicabil-
ity. For instance, there is a risk that researchers may apply the framework
mechanically rather than critically adapting methods to specific questions,
and no empirical evidence yet demonstrates that it improves research quality
relative to alternative approaches. Its focus on computational techniques may
also could potentially overshadow traditional linguistic analysis, experimen-
tal methods, or fieldwork, which are often more suitable for certain research
questions.

Moreover, LLM-based approaches are therefore best avoided when the
phenomenon of interest involves situated meaning, embodied experience, or
social context, when sample sizes are small and qualitative analysis is more in-
formative. They may also be inappropriate if computational resources would
be better devoted to human annotation or experimental studies, or if the
norms and evidentiary standards of the research community do not recog-
nize computational evidence as sufficient. Overall, the framework should
be understood as one way to organize methodological options rather than a
comprehensive approach to language sciences, with its utility depending on
the nature of the phenomenon, the data, and the research context.

6 Empirical Validation of the Framework

6.1 Validation strategy and measurement approach

Having presented our two systematic frameworks for LLM-based language
research (Sections 3-6), we now evaluate their practical utility through ret-
rospective analysis of published studies. The validation addresses a critical
question: Does applying our framework’s specifications demonstrably improve
methodological efficiency and transparency?

To answer this question, we operationalize “methodological transparency”
through a quantitative assessment instrument that directly maps to our
framework’s components. Each of the framework’s five specification domains
(Sections 4.1-4.5): model specification, parameter documentation, data de-
scription, reproducibility elements, and limitation acknowledgment, becomes
a measurable dimension in our evaluation. This mapping ensures the vali-
dation directly tests whether following framework guidelines improves docu-
mentation quality in the areas we identified as critical.
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More importantly, we conducted a three-stage validation of method-
ological efficiency to demonstrate the robustness of the proposed framework.
The validation method includes: (1) retrospective analysis, which examines
existing studies to identify documentation gaps; (2) prospective analysis,
which applies the framework to replicate a previous experiment and assess
its practical usability; and (3) expert validation, which invites domain experts
to evaluate the framework’s contribution to transparency and interpretabil-
ity. Together, these stages provide converging evidence that the framework
strengthens methodological soundness, accountability, and reproducibility in
LLM-based language research.

6.2 Validation method and results

To evaluate the practical value and generalizability of the proposed frame-
work for applying LLMs in language sciences, we conducted a three-stage
validation combining retrospective analysis, prospective replication, and ex-
pert evaluation. This design follows a before—after logic: assessing exist-
ing studies in their original form, then reassessing how their methodological
transparency and soundness would improve under framework guidance.

Method 1: Retrospective documentation analysis. We first as-
sessed a representative set of published studies using their original docu-
mentation, scoring each along the five core dimensions of Methodological
Transparency Scale (MTS): model selection rationale, task-model alignment,
transparency of data handling, reproducibility of results, and theoretical in-
terpretability. These baseline scores reflected the status of current practice
without systematic framework guidance. We then mapped each study to
the appropriate methodological pathway (e.g., prompting, fine-tuning, or
embedding-based) defined in Sections 4-6 and re-evaluated what modifica-
tions would occur under framework compliance. The difference between orig-
inal and framework-aligned scores thus quantified the extent to which the
framework addresses real documentation gaps.

Method 2: Prospective framework application. To test usability
beyond retrospective scoring, we implemented a forward-looking experiment
by re-running an existing LLM-based study on sentence-level semantic sim-
ilarity and reading speed prediction. The replication adhered strictly to
the framework’s stepwise specifications, including explicit documentation of
decision points, comparison of baseline models, justification for embedding
choice, and transparency of evaluation metrics. The framework-guided ver-
sion achieved clearer methodological traceability and improved reproducibil-
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ity, confirming that the framework is not only diagnostic but also practically
operational.

Method 3: Expert validation survey. Finally, to evaluate the frame-
work’s perceived value among specialists, we conducted an expert survey with
38 researchers in NLP, computational linguistics, and cognitive science. Each
participant reviewed two versions of the same study: one written in the con-
ventional descriptive style and one structured according to our framework.
They rated both versions across six dimensions (i.e., model selection justifica-
tion, clarity, replicability, transparency, articulation of limitations, and over-
all quality) on five-point Likert scales. Results showed significant improve-
ment in all dimensions, with 95% of respondents preferring the framework-
guided version. Qualitative comments emphasized its strengths in explicating
rationale, ensuring decision traceability, and promoting consistent method-
ological reasoning.

The three validation methods provide complementary evidence for the
framework’s robustness. The following section describes the implementation
of each method used to test the validity of our approaches and presents the
corresponding results.

6.2.1 Retrospective analysis: Preventing attribution errors

A recurrent pitfall in computational linguistics is the tendency to interpret
strong task performance as evidence of genuine linguistic understanding.
Consider a study (Research E) that fine-tunes an open-source LLM on a
discourse coherence classification task and reports an F1 score of 0.92. The
authors infer from this metric that the model has acquired a specific dis-
course reasoning mechanism (DRM) rooted in linguistic theory. However,
such claims often rely on behavioral performance alone and fail to exam-
ine the underlying representations or causal mechanisms responsible for the
observed behavior.

This issue parallels the “right for the wrong reasons” problem identified
by (McCoy et al., 2019). In their analysis of natural language inference (NLI),
models such as BERT seemed to exhibit syntactic generalization, but prob-
ing and adversarial tests revealed that their success stemmed from shallow
lexical heuristics and dataset biases rather than genuine syntactic compe-
tence. Extending this insight, (Tenney et al., 2019a) showed that BERT’s
representations follow a hierarchical structure: lower layers encode morphol-
ogy and syntax, while higher layers capture semantics. This finding shows
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that high task performance does not necessarily reflect the acquisition of the-
oretically relevant mechanisms. More recently, (Uluslu and Schneider, 2025)
found similar misalignments in native language identification tasks, where
LLMs achieved strong results by relying on cultural or self-referential cues
instead of linguistic structure. Collectively, these studies highlight the risk
of equating performance with understanding and motivate the need for ex-
plicit mechanism-level validation to ensure interpretability and theoretical
soundness.

The proposed framework directly prevents such attribution errors by
enforcing a mechanism-validation stage after model fine-tuning. Specifically,
it mandates a transition from Stage 2 (specialized open-source models)
to Stage 3 (embedding representation analysis), where model-internal evi-
dence is systematically examined. The framework introduces a standardized
representation-probing protocol, for instance: Model: fine-tuned LLM from
Stage 2; Layer: 9; Token: [CLS]; Metric: cosine similarity between cate-
gories. This protocol enables testing alternative hypotheses such as H; (rep-
resentational confusion) versus Hy (decision boundary bias), ensuring that
theoretical claims are supported by verifiable representational evidence. In
doing so, the framework not only enforces goal-representation alignment,
as advocated in (Uluslu and Schneider, 2025), but also operationalizes ana-
lytic tools for mechanistic verification, echoing the methodological insights
of (Tenney et al., 2019a). By embedding this procedure into the research
workflow, the framework converts performance-based inference into evidence-
based explanation, effectively safeguarding against the recurrence of the
“right for the wrong reasons” error.

6.2.2 Prospective application: Validation of systematic method

A researcher undertakes a Named Entity Recognition (NER) task on a spe-
cialized corpus, such as extracting financial entities from legal documents,
where the downstream application in risk assessment demands exception-
ally high precision. The initial methodological attempt employs a zero-
shot prompt-based approach (Framework Approach 1) using a commercially
available LLM. Using standard prompts and strategical prompt template
(Ashok and Lipton, 2023), this quick exploratory solution produces an F}
score of around 0.65 in GPT-4 on biomedical texts (200 texts from‘“singh-
aditya/ MACCROBAT _biomedical ner” host in Huggingface), which, while
acceptable for general discovery tasks, falls short of the precision-critical re-
quirement of this study. Such a result exemplifies the inherent limitations of
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zero-shot prompting for sequence labeling, including imprecise boundary de-
tection and inconsistent tagging behavior (Ashok and Lipton, 2023; Hu et al.,
2024). Given that precision is central to the task’s success, this sub-optimal
outcome necessitates a systematic methodological pivot.

Rather than relying on trial-and-error reasoning, the researcher applies
the proposed decision-oriented framework. According to the framework’s de-
cision tree, the question “Is precision critical for biomedical text mining?”
immediately leads to the recommendation to abandon Approach 1 in favor
of Approach 2, which emphasizes specialized open-source models for confir-
matory, high-precision sequence labeling. The framework further requires
explicit documentation of the decision rationale: the observed performance
failure (AF; = —0.24 relative to the target threshold) and the specific justi-
fication for model replacement. The researcher records the choice to a fine-
tuned biomedical NER model (“OpenMed/OpenMed-NER-PharmaDetect-
BigMed-278M” host in Huggingface), supported by prior evidence of its su-
perior performance in token-level classification. Note that this NER model
did not use the test texts we used as training material. Applying this spe-
cialized model, the result achieves F; = 0.89, a substantial improvement that
satisfies the application’s stringent precision demand.

Crucially, the validation of the framework does not lie merely in the
numerical gain in performance (AF; = +0.24), but in demonstrating that
the shift in methodological strategy is both traceable and justified. The
framework ensures that each decision is explicitly recorded, including the
initial prompting failure, the motivation for switching methods, and the ra-
tionale for selecting a fine-tuned architecture. This structured documentation
creates a verifiable trail of reasoning that transforms the experimental pro-
cess from an opaque series of adjustments into a transparent methodological
record.

6.2.3 Expert validation: Evaluation survey

This case study provides expert validation of the proposed systematic frame-
work. The evaluation compared two methodological documentation formats
based on (Sun and Wang, 2025a): a traditional descriptive approach (Ver-
sion 1) and a framework-guided approach (Version 2), which emphasizes ex-
plicit decision points, selection criteria, baseline comparison, and transparent
documentation. A total of N = 39 researchers in NLP, computational lin-
guistics, and cognitive science finished the survey (mean experience = 8.3
years), representing a balanced sample across expertise levels.
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The survey followed a within-subjects design (https://shorturl.at/
UnSp7), with counterbalancing to control for order effects (Form A: V1—V2,
n = 19; Form B: V2—V1, n = 19; p = .89 for order). Each participant
read both versions of a methods section from the same research scenario
(sentence-level semantic similarity modeling for reading speed prediction).
They rated six methodological quality dimensions (i.e., model selection jus-
tification, technical clarity, replicability, transparency, articulation of limita-
tions, and overall quality) on 5-point Likert scales. The survey also included
direct comparative questions and open-ended feedback on crucial differences
between the two versions.

Results show consistent and substantial expert preference for the framework-

guided documentation. Average overall quality ratings improved from M =
2.7 (SD = 0.8) for Version 1 to M = 4.3 (SD = 0.7) for Version 2, with a
mean difference of +1.6 points (p < .001), corresponding to a large effect size
(r = .83). Similar effects were observed across all dimensions (r = .72—-.84).
In direct comparison, 95% of participants selected Version 2 as superior,
and no significant differences were observed across expertise levels. Notably,
novice researchers reported the largest perceived improvement (mean differ-
ence = +2.2).

Qualitative analysis of open-ended feedback revealed five recurrent themes:
the value of explicit decision rationale (92%), systematic baseline comparison
(87%), clear selection criteria (82%), improved replicability (92%), and trans-
parent process documentation (95%). Experts described the framework as
transforming methods from “procedural reports” into “documented reasoning
processes”, enabling them to reconstruct the research logic. These findings
empirically validate the framework’s central premise: structured method-
ological decision-making enhances clarity, replicability, and accountability.

In summary, the expert survey provides strong evidence for the frame-
work’s usability. Large effect sizes, overwhelming expert preference, and
consistent qualitative endorsements demonstrate that systematic, decision-
oriented documentation can substantially improve methodological quality in
LLM-based language science research.

Overall, these empirical validations substantiate the robustness and util-
ity of the proposed frameworks. The frameworks not only provide a system-
atic way to organize the methodological diversity in LLM-based language
research but also enhance the empirical accountability and reproducibility of
language research by offering clear implementation guidance.
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7 Discussion

This section further analyzes the great benefits our proposed frameworks of
applying LLMs in language sciences, and then focuses on how LLM applica-
tions affect language sciences research, considering both potential contribu-
tions and fundamental challenges. We avoid overstating LLM impact while
acknowledging genuine shifts in research practices.

7.1 Benefits and the disciplinary transformation

The current landscape of LLMs applications in language sciences remains
methodologically fragmented, with tool selection often ad hoc and driven by
performance rather than scientific rationale. The proposed frameworks mark
a crucial transition, reframing LLMs from improvised “magic black boxes”
into rigorous, reproducible scientific instruments. This transformation brings
five disciplinary benefits.

First, the frameworks address the replicability crisis in LLM-based re-
search through methodological transparency. By distinguishing Approach 1
(prompting) as exploratory and Approach 2 (specialized models/fine-tuning)
as confirmatory, it encourages the use of open-source models and the release
of detailed specifications, including hyperparameters, datasets, and compu-
tational settings, for theory-driven studies. Such standardization enhances
reproducibility and ensures that findings are grounded in verifiable evidence.

Second, the frameworks shift the research focus from “what LLMs can
do” to “how and why they do it”. The inclusion of Approach 3 (embedding-
based quantitative analysis) allows researchers to treat internal representa-
tions as a quantifiable cognitive model. By extracting semantic and syntactic
variables from embedding spaces and integrating them into established sta-
tistical models (e.g., LMER, GAMM), this approach supports explanatory
investigations of linguistic patterns and cognitive mechanisms, narrowing the
gap between computational modeling and human cognition.

Third, the frameworks promote integrated, cross-method research. Schol-
ars can progress from exploration (prompting) to confirmation (fine-tuning)
and ultimately to mechanism discovery (embeddings). This workflow maxi-
mizes the scientific value of LLMs across the research lifecycle, ensuring that
methodological choices align with the epistemological goal, whether hypoth-
esis generation or theoretical validation.
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Fourth, the frameworks provide constructed configurations that guide the
practical implementation of multi-stage research pipelines. Each stage corre-
sponds to one of the three approaches: Stage 1 identifies linguistic phenomena
and generates hypotheses; Stage 2 develops a working system with measur-
able performance; and Stage 3 analyzes internal representations to uncover
distributional or structural patterns. While the idealized schema suggests
a logical progression, actual research often diverges due to unexpected find-
ings, resource constraints, or theoretical debates. These configurations thus
serve as adaptive templates, helping researchers organize complex workflows
while remaining flexible to empirical contingencies. They enable structured
accumulation of results even when studies involve iteration, methodological
pivots, or partial outcomes.

Finally, the proposed framework establishes a meta-methodology that is
robustly agnostic to the specific language or theoretical domain of inquiry,
providing a universal scaffolding for LLM-enhanced linguistic experimenta-
tion. By systematizing Prompting, Fine-tuning, and Embedding Probing
into a cohesive methodological pipeline, this work transforms a collection
of technical tools into a unified and interpretable research paradigm for the
language sciences.

In sum, these benefits establish a coherent methodological foundation
for applying LLMs in language sciences. This foundation supports both the
cumulative building of knowledge and the development of adaptive, real-
world research practices.

7.2 Methodological contributions to language sciences

LLM applications offer several practical advantages for specific types of lin-
guistic research, though these should not be overstated. The following details
the methodological contributions.

First, LLMs make it possible to analyze corpora that are orders of mag-
nitude larger than those accessible through traditional methods. Whereas
manual analyses might cover only hundreds of examples, computational ap-
proaches can process millions, enabling the detection of rare phenomena, the
measurement of subtle frequency effects, and the characterization of large-
scale distributional patterns. Yet scale alone does not guarantee insight, since
analyzing millions of instances poorly may be less informative than a careful
analysis of a smaller sample. LLM-based methods complement rather than
replace close reading, theoretical interpretation, and small-scale experimen-
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tation. Moreover, through prompting and fine-tuning, LLMs can rapidly gen-
erate high-quality annotations for massive datasets that previously required
extensive human effort, greatly increasing efficiency and scope. Neverthe-
less, different research questions demand different scales of analysis, and not
all linguistic phenomena benefit from large datasets; methodological scale
should always align with the research goal.

Second, LLMs provide numerical representations of linguistic properties
that were previously examined mainly through qualitative description. As
Newtonian mechanics describes classical physics in three-dimensional space,
Einstein’s theory of relativity extends mechanics to four-dimensional space-
time (Deshmukh, 2023; Spurio, 2023). Analogously, linguistic research has
undergone a methodological “dimensional upgrade”: traditional analyses
grounded in intuitive dimensions such as syntax, semantics, and phonol-
ogy have evolved into multi-dimensional representations based on vector
space embeddings (Mikolov et al., 2013; Devlin et al., 2019b). These high-
dimensional embeddings not only capture complex linguistic structures and
semantic relationships, but also provide a systematic and quantifiable frame-
work for language sciences. Within this framework, linguistic phenomena
can be rigorously measured, compared, and validated, enabling research to
move toward a more scientific, cumulative, and reproducible methodology
(Rogers et al., 2020; Bommasani and et al., 2021).

For instance, contextualized embeddings generated by LLMs encode un-
expectedly rich information across multiple linguistic levels, including phonol-
ogy, morphology, syntax, semantics, and pragmatics. Exploring these embed-
dings allows researchers to uncover linguistic patterns and regularities that
are difficult to detect in textual data using traditional quantitative meth-
ods. Measures such as embedding similarity quantify semantic relatedness,
surprisal estimates capture predictability (Sun et al., 2025; Sun and Wang,
2025b), and clustering coefficients reveal categorical structure. These quan-
tifications enable statistical hypothesis testing and facilitate correlations with
behavioral or neural data, thereby supporting cumulative science through the
comparability of results across studies.

Third, automated analysis via trained models provides consistent ap-
plication of criteria across large datasets, reducing variation in subjective
judgment. This consistency enhances reproducibility and supports collab-
orative work where multiple researchers need to apply identical analytical
procedures. However, automation is not inherently superior to expert human
judgment. Automated systems encode specific operationalizations of linguis-
tic constructs that may not align with theoretical definitions, and they can
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struggle with ambiguous cases that human analysts handle through flexible
reasoning. Automation should therefore be understood as a tool for standard-
ization with associated tradeoffs rather than as an unqualified improvement.

Finally, LLMs allow theoretical linguistics to assume a more experimen-
tal character, making individual research empirically testable. Traditionally,
experimental linguistics required a team to design tasks, collect participant
data, and analyze results. With LLMs, however, theoretical hypotheses can
now be operationalized and tested computationally. For example, suppose
a researcher wants to examine syntactic constraints (i.e., a well-known lim-
itation on long-distance dependencies in syntax) in 200 complex sentences.
Sentences such as “What did John wonder whether Mary bought 7”7 (un-
grammatical) contrast with “What did John say that Mary bought 77
(grammatical). Several LLMs can be configured as an Al agent team: Agent
A analyzes the syntactic structure of each sentence, Agent B provides an
independent syntactic judgment or parses alternative readings, and Agent C
validates or reconciles the two analyses. After the Al agent completes this
process, human experts review and refine the outputs. The resulting embed-
dings of these 200 sentences can then be analyzed to determine whether sen-
tences obeying or violating syntactic constraints form distinct clusters. Such
analyses provide empirical grounding for theoretical claims about syntactic
well-formedness, turning abstract hypotheses into experimentally testable
observations.

7.3 Alignments with AI development

Our proposed frameworks explicitly aim to make language sciences more
verifiable, measurable, and cumulative with the aid of LLMs, turning
these models from heuristic aids into systematic instruments for empirical
research. The applications of our proposed frameworks align with recent Al
developments.

As Jason Wei outlined in a recent Stanford AI Club talk (https://
www . youtube . com/watch?v=b6Doq2fz81U&t=313s), he proposed three guid-
ing principles in Al development. Wei, who introduced the concepts of Chain-
of-Thought and emergent abilities in Al research, emphasized that one key
principle is that “verification is easier than generation”, highlighting the cen-
trality of werifiability in both AI progress and scientific methodology. In
contemporary Al development, this principle is instantiated in techniques
such as chain-of-thought reasoning and self-consistency (Wei et al., 2022b;
Wang et al., 2023), which make opaque model reasoning more interpretable
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by revealing intermediate steps. Similarly, reinforcement learning from hu-
man feedback (RLHF) relies on reward models, automated verifiers that eval-
uate and optimize textual quality (Christiano et al., 2017; Bai et al., 2022).
Our framework aligns with this trend by emphasizing methodological trans-
parency through prompting for hypothesis generation, fine-tuning for con-
trolled confirmation, and embedding analysis for mechanism probing. Col-
lectively, these strategies operationalize a “verifier’s law”, positioning LLMs
as measurable and testable instruments for language sciences.

A second principle, also noted by Wei, concerns the commoditization of
intelligence. As foundational model capabilities become widely accessible,
the marginal cost of cognitive computation approaches zero. This shift ex-
plains the differentiated value of our three methodological pathways. Prompt-
based exploration exploits low-cost general intelligence for rapid hypothesis
testing, while fine-tuning open models (Hu et al., 2021; Dettmers et al., 2023)
and embedding-based probing extract scarce, high-value information such as
domain-specific representations and latent mechanisms. The success of data-
efficient models like Phi-2 and OLMo (Li et al., 2023b; Groeneveld et al.,
2024) reinforces this logic: as intelligence itself becomes abundant, progress
depends on data quality, interpretability, and experimental control.

Finally, Wei’s notion of the jagged frontier captures the uneven distri-
bution of AI capabilities, with LLMs excelling at symbolic and linguistic
reasoning but remaining limited in embodied or socially grounded cognition
(Driess et al., 2023). Our framework provides a methodological guide for
navigating this frontier by applying fine-tuning for generalizable linguistic
phenomena and using embedding analysis to probe complex or situated rea-
soning, areas where current models still fall short.

Overall, these principles articulate a strategic research paradigm for the
Al era. The wverifier’s law establishes robustness, the commoditization of
intelligence clarifies value, and the jagged frontier defines alignment between
method and goal. Through this synthesis, our framework advances language
sciences toward a more empirically grounded, interpretable, and strategically
optimized discipline.

7.4 Integration with traditional linguistic methods
LLM-based approaches could be valuable when integrated with traditional

linguistic methods rather than replacing them. Several productive integra-
tion patterns emerge. For instance, computational analysis can generate
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hypotheses that traditional methods investigate in depth. Large-scale pat-
tern detection identifies phenomena worthy of detailed qualitative analysis,
experimental investigation, or theoretical modeling. This division of labor
exploits computational scale while maintaining analytical soundness.

Traditional linguistic analysis can validate computational findings. When
embedding-based analysis suggests a semantic relationship, elicitation stud-
ies with native speakers can assess whether computational patterns reflect
speaker intuitions. When automated annotation identifies discourse patterns,
detailed analysis of individual instances can verify whether categories align
with theoretical definitions.

Experimental methods can assess cognitive reality of computational pat-
terns. Corpus frequencies from LLM analysis inform experimental stimuli
selection. Surprisal estimates predict processing difficulty testable through
reading time studies. Embedding similarities generate predictions about
priming or interference effects.

Theoretical frameworks guide computational operationalization. Lin-
guistic theory specifies what distinctions matter, what categories should be
distinguished, what patterns require explanation. This theoretical grounding
prevents purely data-driven analysis from pursuing statistically significant
but theoretically meaningless patterns.

Ultimately, the proposed frameworks could set a new standard of method-
ological robustness for LLM applications, facilitating the critical transition of
LLMs from opaque predictive engines to interpretable scientific instruments
for hypothesis testing and mechanistic linguistic discovery. We anticipate this
work will catalyze future research to move beyond mere performance metrics,
driving a deeper exploration into the linguistic plausibility and theoretical
significance of knowledge encoded within LLMs. Our contribution marks a
critical step towards an era of LLM-driven scientific discovery, wherein com-
putational tools are deployed not merely for engineering tasks, but for the
fundamental advancement of linguistic theory itself.

7.5 Theoretical, practical, and ethical considerations

We believe that LLMs’ unprecedented ability to process massive amounts
of linguistic data, generate representations across multiple levels, and simu-
late experimental scenarios introduces both opportunities and challenges for
theory, methodology, and reproducibility. Although LLMs have brought sig-
nificant benefits to the language sciences and even introduced transformative
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changes to linguistic research, several important concerns remain.

First, LLMs raise fundamental questions about what their behavior re-
veals about language. Sensitivity to syntactic or semantic patterns may re-
flect abstract linguistic principles, surface distributional correlations, or other
factors unrelated to the phenomenon of interest. Disentangling these pos-
sibilities requires probing internal representations, adversarial testing, and
comparison with human behavior. High performance does not automatically
validate a theory, and poor performance does not necessarily refute it, as
implementation details and training data can influence outcomes indepen-
dently of theoretical constructs. Tension also arises between distributional
patterns learned by LLMs and structures posited by linguistic theory, and bi-
ases in training corpora can affect generalizability and ethical interpretation
(Cuskley et al., 2024; Kostikova et al., 2025).

Second, reproducibility varies across approaches. Closed-source models
are difficult to replicate due to opaque updates and unavailable specifica-
tions. Open-source fine-tuned models improve reproducibility if code, data,
and hyperparameters are documented, but hardware, software versions, and
random seeds can still affect outcomes (Binz et al., 2025). Embedding-based
analyses are stable at extraction, but downstream choices such as clustering
algorithms or dimensionality reduction influence results. The field should
adopt clear reporting norms, including sharing code and data, document-
ing methodological decisions, and distinguishing robust findings from those
dependent on implementation details.

Third, resource demands and accessibility raise additional ethical con-
cerns. Training large models requires expensive hardware, electricity, and
technical expertise, concentrating research capacity and potentially marginal-
izing less-resourced researchers (Matarazzo and Torlone, 2025). Prompt-
based approaches and open-source models partially mitigate these issues, but
computational requirements and costs remain barriers. Promoting inclusiv-
ity requires efficient models, shared computational resources, thorough doc-
umentation, and recognition of diverse methodological contributions rather
than privileging purely computationally intensive work (Resnik, 2025).

Finally, the frameworks we propose are intended as organizational tools
that, while partially validated, remain provisional. Their ultimate value will
depend on whether researchers find them helpful for structuring their work,
enhancing reproducibility and methodological soundness, and fostering pro-
ductive research that advances our understanding of language. We anticipate
that researchers who apply these frameworks will identify limitations, sug-
gest refinements, and develop extensions tailored to their subdisciplines and
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research questions. Such iterative improvement through collective practice is
essential for any methodological framework to remain relevant and impactful.

8 Conclusion

LLMs offer powerful capabilities for language sciences by enabling the anal-
ysis of large corpora, providing quantitative measurements, and supporting
investigations that were previously impractical. This study proposed two
methodological frameworks for applying LLMs in the language sciences, or-
ganizing three complementary approaches: prompt-based interaction with
closed-source models, fine-tuning of open-source models, and embedding-
based quantitative analysis. We provided guidance for implementing each
approach and illustrated how they can be integrated into coherent research
workflows. The systematic frameworks further demonstrates how these meth-
ods can be connected iteratively, enabling cumulative, theory-driven, and ro-
bust inquiry while providing a clear structure for planning, executing, and
interpreting LLM-based studies. The present study also conducted retro-
spective, prospective, and expert validation experiments to demonstrate the
validity and practical utility of the proposed frameworks.

The frameworks are significant because they not only guide methodolog-
ical decisions but also facilitate responsible, reproducible, and transparent
research. By clarifying trade-offs among approaches, supporting integration
of multiple methods, and linking computational analyses with theoretical
objectives, they help researchers use LLMs to generate meaningful linguis-
tic insights. We advocate for careful and reflective application, including
thorough documentation, acknowledgment of limitations, integration with
traditional methods, attention to whose language is represented, and main-
tenance of theoretical grounding. Following these principles ensures that
LLMs contribute effectively to both empirical and theoretical progress in the
research of language sciences.
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