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Abstract 

Corpus-based discourse analysis investigates the linguistic construction of societally shared knowledge by iterating 
between quantitative pattern detection and qualitative interpretation in large text collections. Large Language 
Models (LLMs) promise to lower practical barriers to such work (e.g., natural-language querying, qualitative coding), 
yet they also introduce risks that are especially consequential in discourse-analytic settings, where fluent summaries 
can encourage ungrounded interpretation. This position paper argues that integrating LLMs into corpus analysis 
platforms is appropriate only insofar as it remains compatible with three epistemic premises of corpus research: (1) 
transparency of the data basis and traceability of analytical operations; (2) interpretability as evidence-constrained 
sense-making; and (3) seriality and patternedness as distributional structure and variation. In this opinion paper, 
we contribute a platform-oriented requirements perspective that translates these premises into design constraints 
for tool-calling/RAG-style integration, and we outline implementation directions that treat LLMs as an interaction 
layer over inspectable corpus retrieval and platform-based analysis. 

Keywords: corpus-based discourse analysis, corpus platforms, large language models (LLMs) 

1. Background and Motivation 

Corpus-based discourse analysis approaches the 
study of societally shared knowledge by iterating 
between quantitative pattern detection and 
qualitative interpretation of language use (lexical 
choices, argumentative patterns, stance-taking, 
etc.) across large text collections (cf. Baker, 2023; 
Baker & McEnery, 2015; Bubenhofer, 2009). Over 
the past two decades, this approach has been 
adopted across the humanities and social 
sciences, including public health sciences, 
political science, and media studies (e.g., 
(Grimmer & Stewart, 2013; Krasselt et al., 2022; 
O’Halloran, 2010), and it also informs applied 
communication tasks such as discourse-informed 
message design and stakeholder-oriented 
communication (Cooren, 2015). 

This development has been supported by 
advances in corpus infrastructure. Curated 
corpora and platform ecosystems (web-based 
and local) have made large-scale discourse 
analysis accessible beyond corpus linguistics. 
Tools such as Sketch Engine (Kilgarriff et al., 
2014), AntConc (Anthony, 2024), and #LancsBox 
X (Brezina & Platt, 2025) as well as initiatives 
such as ParlaMint (Erjavec et al., 2023), the 
Leipzig Corpus Collection (Goldhahn et al., 2012) 
and Swiss-AL (Krasselt et al., 2023) exemplify this 
expansion of accessible data and methods. 

At the same time, effective corpus-based 
discourse analysis remains demanding because it 
is inherently iterative. Robust studies move 
between quantitative indicators and qualitative 
inspection—for example, by relating collocation 
profiles to concordance evidence (Baker, 2023)—
and require consequential decisions about 
discourse modelling, corpus construction, 
analytical settings, and criteria of interpretive 
relevance. Difficulties often arise where statistical 
outputs must be connected to defensible 

discourse claims and where multiple analytical 
steps need to be integrated into a coherent, 
documentable workflow (cf. also McEnery & 
Brezina, 2022). 

Large Language Models (LLMs) may reduce 
some of these frictions and are beginning to 
shape expectations about how corpus resources 
can be accessed and explored by researchers 
(Brezina, 2025). They can support natural 
interaction with corpora, assist with query 
formulation, and guide users through analytical 
options (e.g., Anthony, 2025; AI integration on 
english-corpora.org). However, current research 
demonstrates substantial risks, particularly when 
generative AI is used for qualitative analysis. 
Studies report that semantic categorisation of 
keywords is often generic – especially when items 
are presented without context – shows only 
marginal overlap with human-produced 
categorisations, and may even introduce 
fabricated assignments during the categorisation 
process. Reproducibility is an additional concern, 
given the non-deterministic behaviour of general-
purpose models (Curry et al., 2024; Gillings et al., 
2024; Morgan, 2023).  

Incentives for speed and simplification are even 
stronger outside academia. Democratic societies 
depend on the formation of public opinion, which 
makes the analysis of public meaning-making 
processes attractive not only for research but also 
for public-facing monitoring and communication. 
Organizations such as political parties, public 
authorities, associations, and NGOs therefore 
have strong motivations to seek fast “insights” into 
what can be said, by whom, and with which 
effects. A current risk is that LLMs will be adopted 
for these tasks because they generate fluent, 
plausible-sounding accounts on demand, while 
concealing data choices and interpretive steps. In 
contrast, corpus-based discourse analysis 
provides suitable data, methods and tools for 
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producing more accountable analyses of public 
meaning-making. 

Against this background, we return to the question 
raised in the title: Do we still need corpora and 
corpus analysis platforms? We argue for a 
conditional integration of LLM-based workflows 
into corpus platforms for discourse analysis. Here, 
conditional means that such integration must 
remain compatible with the epistemic logic of 
corpus analysis. By corpus platforms we mean 
integrated, access-controlled environments that 
stabilise corpus definitions and metadata, support 
concordance-level inspection, and log platform-
side computations and parameters. We propose 
three epistemic premises: (1) corpus workflows 
must ensure transparency of the data basis and 
traceability of analytical operations; (2) 
interpretation must be supported by inspectable 
concordance-level evidence and triangulation 
across measures; and (3) claims must be 
grounded in seriality and patternedness, 
evidenced by distributions and structured 
variation, for example across time, genres, and 
languages. Building on these premises, we 
discuss which forms of LLM integration can 
support corpus-based discourse analysis while 
remaining anchored in accountable procedures 
and transparent evidence. 

2. Epistemic premises of corpus 
analysis 

2.1 Transparency and Traceability 

In corpus analysis, transparency and traceability 
are essential for justifying interpretations and 
claims based on empirical evidence (Baker, 2023: 
225; Bednarek et al., 2024). Transparency 
concerns the data basis: it should be clear which 
corpus (or which parts of it) were analysed and on 
what textual instances a claim rests. Traceability 
concerns the process: analytical steps and 
settings (from preprocessing to statistical 
measures) should be documented so that results 
can be reconstructed when the same procedures 
are applied again. Together, these requirements 
support interpretability as making sense of 
patterns in light of a research question (see 
Section 2.2). 

A central advantage of corpora is that they are 
explicitly delimited and enriched with metadata 
(e.g., time, genre, speaker, region), enabling 
controlled subsetting and auditing. This differs 
from LLMs, whose training data and selection 
principles are generally not inspectable at the 
level of individual documents and whose outputs 
do not provide provenance for the instances that 
would support a claim (Heersmink et al., 2024). 
Consequently, LLM responses cannot function as 
evidence on their own. 

Transparency and traceability translate into 
platform-level documentation of corpus 

modelling, processing, and analysis. Platforms 
should record corpus composition and metadata, 
key processing choices (e.g., deduplication, 
tokenization, tagging/lemmatization, language 
identification), and analytical parameters (e.g., 
measures, thresholds, window sizes, dispersion 
metrics). Because tools often present aggregated 
outputs (e.g., keyword or collocation lists), 
transparency also requires drill-down to 
concordance lines and contextual evidence. 

LLM integration introduces specific risks for 
transparency. Interfaces may silently reformulate 
queries or apply undocumented defaults, and 
generated summaries can remain detached from 
the empirical evidence if they are not explicitly 
linked to the retrieved data and the relevant 
quantitative outputs. For this reason, LLM 
functionality should be constrained by corpus 
retrieval and platform-side calculation: if 
implemented, summaries should be based on 
computed results, and any claim should link back 
to concordance-level evidence and distributional 
information so that users can reconstruct how it 
was derived. 

2.2 Interpretability 

In corpus-based discourse analysis, 
interpretability is a central epistemic requirement 
because analyses substantiate claims about how 
shared understandings are distributed and 
become prevalent in society (Keller, 2024). Since 
such objects are inseparable from social context 
and may inform public debate or institutional 
practice, it is not sufficient that an analysis yields 
plausible statements; interpretations must be 
justified in relation to a research question and 
constrained by the available evidence. 

Interpretation denotes the methodological step of 
relating distributional observations (e.g., 
collocation profiles, concordance patterns, shifts 
over time) to an analytical focus and, where 
relevant, to an applied problem. What counts as 
salient and how a pattern is understood depends 
on the question and theoretical perspective; 
accordingly, there is rarely a single “correct” 
reading. Interpretability in discourse analysis is 
thus supported by practices that keep such 
justification empirically and analytically 
constrained. This includes contextualisation 
(reading patterns against relevant co-text and 
situational knowledge), testing whether an 
observation is stable or driven by particular 
sources or periods, and triangulation across 
alternative operationalisations and measures 
(Baker, 2023: 44; Bednarek, 2009; Marchi & 
Taylor, 2009). Equally important is attention to 
structured variation: differences across genres, 
time periods, or speaker groups are often 
analytically central and should remain visible 
rather than being collapsed into a single narrative.  

LLM-assisted analysis introduces specific risks at 
this interpretive stage. Models may hallucinate 
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examples or explanations not supported by the 
corpus, and fluent summaries can invite narrative 
overreach (Ji et al., 2023). Conversational 
interaction may also amplify confirmation 
dynamics and encourage premature closure, 
smoothing analytically consequential variation 
across time, genres, or groups. 

The issue of interpretability also becomes evident 
when collecting and evaluating ethically sensitive 
data or data that is protected by copyright, for 
example. Discourse corpora often contain 
copyrighted material and potentially sensitive data 
(e.g., political extremism), the processing of which 
requires specialist knowledge. Corpus platforms 
can provide secure research environments and 
transparent, documented data-handling 
procedures that generic chat interfaces layered 
on top of an LLM typically do not. In sum, the 
interface is changing, but the need for 
accountable, corpus-based infrastructures for 
discourse analysis remains. 

2.3 Seriality, Patternedness, and 
Distributional Grounding 

In corpus-based discourse analysis, the epistemic 
goal is not the description of isolated events but 
the identification of seriality and patternedness in 
public discourse (Foucault, 1981, 1982). 
Discourses become socially powerful not because 
a statement occurs once, but because 
formulations, evaluations, and argumentative 
moves recur across texts and sediment into 
shared assumptions about how the world can or 
should be understood. This repetition structures 
what appears normal, plausible, or sayable in 
society. From a corpus perspective, seriality 
becomes observable as patterned language use 
(e.g., recurring lexical choices, frames, 
metaphors, actor configurations, or stance 
profiles) that can be shown to be stable or 
systematically shifting across time, contexts, and 
communities.  

Importantly, discourse-analytic seriality is not 
simply frequency. A pattern is discourse-relevant 
when it exceeds the idiosyncrasies of single 
authors, outlets, or formats and when it appears 
as a structured distribution across the discursive 
field. This includes, for example, patterns that are 
dispersed across sources rather than 
concentrated in a few texts; patterns that recur 
across genres while taking genre-specific forms; 
or patterns that differentiate speaker groups, 
political camps, or linguistic communities. Seriality 
therefore combines recurrence with structured 
variation. 

Corpora and corpus platforms support the 
identification of seriality by making such 
distributional questions testable. They allow 
researchers to delimit the discursive space 
through corpus design and metadata, detect 
candidate patterns via aggregated measures 
(e.g., keywords, collocations, association 

profiles), and inspect instances through 
concordance evidence and contextual reading. 
Combined with transparency and traceability, this 
enables analysts to evaluate whether an 
observation is genuinely serial by checking 
dispersion across sources, stability across 
subcorpora or time periods, and sensitivity to 
operationalisation (e.g., alternative queries, 
reference corpora, or window settings). 

LLM-assisted workflows pose particular risks to 
establishing seriality and patternedness, 
especially when fluent, abstractive summaries 
become the primary analytic output. Such 
summaries can smooth heterogeneity and 
obscure analytically relevant variation. Majority 
bias may privilege dominant frames and 
paraphrases, masking marginal positions. In 
addition, LLM outputs often neglect dispersion 
and distribution, making it difficult to distinguish 
broadly shared patterns from event-driven spikes 
or source-specific effects. In the worst case, the 
epistemic target shifts from demonstrating 
seriality as distributional structure to producing 
plausible accounts of “what the discourse is 
about.” Conversely, when LLMs are used to 
support corpus-anchored tasks (e.g., schema-
driven, custom annotation, candidate retrieval, or 
consistency checks across coded instances, cf. 
Yu et al., 2024) they may strengthen rather than 
weaken the establishment of patterned variation, 
provided results remain traceable and are 
validated through distributional analysis. 

3. Implications for the integration of 
LLMs into platforms for corpus-

based discourse analysis 

3.1 Criteria for LLM integration 

Building on the epistemic premises outlined 
above, we propose the following criteria for LLM 
integration into corpus platforms for discourse 
analysis: 

Outputs must remain corpus-grounded and 
evidence-linked. LLM assistance should operate 
on an explicitly defined corpus and maintain a 
clear separation between model text and corpus 
evidence; analytic statements should link to 
inspectable contexts (concordances/documents) 
and the relevant computed outputs. 

Workflows must be traceable and reversible. 
Platforms should log and export executed 
queries, preprocessing state, parameters, and 
statistical measures, and make any automated 
query reformulations or defaults explicit and 
reversible rather than silently applied. 

Computation must remain platform-side. 
Quantitative results (e.g., keywords, collocations, 
dispersion) should be computed by the platform; 
the LLM may guide exploration and explanation 
but must not substitute for, or fabricate, analytical 
results. 
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Interpretation must be supported without 
narrative smoothing. LLM interaction should 
encourage contextual inspection, 
counterevidence, and alternative framings, while 
preserving structured variation and enabling 
checks of dispersion and stability across time, 
genres, groups, and languages. 

Hallucination resilience is required. When the 
available evidence is insufficient, the system 
should signal these limits and prompt further 
retrieval and inspection rather than producing 
confident, ungrounded claims. 

3.2 Implementation directions 

These criteria matter because corpus-based 
discourse analysis advances by iteratively testing 
candidate patterns against textual evidence—a 
process that is time-consuming and cognitively 
demanding. Consider studies of argumentative 
structures in thematic discourses (so-called topoi, 
Wengeler, 2012). Identifying topoi typically 
involves inspecting keywords, n-grams, and 
collocates, reading concordances (and, where 
necessary, full texts), and iteratively building an 
annotation scheme until higher-order categories 
stabilise (Kalwa, 2013). The process produces 
many false positives, since only a small subset of 
retrieved items is relevant to the analytical aim. 
LLMs seem to offer a shortcut by answering 
questions like “Which topoi appear in discourse 
X?” even before a corpus is delimited. Yet such 
outputs are not discourse analysis but plausible 
summaries that bypass corpus definition, 
distributional testing, and evidence inspection.  
 
Corpus platforms remain central in the LLM era 
because they stabilise the data basis, document 
preprocessing and statistical procedures, and 
preserve access to concordance-level evidence 
and structured variation. A robust integration 
strategy therefore treats the LLM primarily as an 
interaction layer, while retrieval and computation 
are executed by specialized platform functions 
and returned in inspectable form. This division of 
labour is increasingly reflected in tool-calling 
architectures (e.g., the Model Context Protocol, 
MCP and related function/tool-calling 
approaches), which standardise how models 
invoke external tools and incorporate their outputs 
(Anthropic, 2024; Hou et al., 2026). 
 
Accordingly, two implementation directions are 
particularly compatible with the criteria outlined 
above. First, LLMs can be used to post-process 
platform results via predefined prompt 
templates— for instance to sort, filter, cluster, or 
categorise concordance lines or aggregated 
outputs (cf. Davies, 2025), while preserving links 
to evidence and keeping operations reversible. 
Second, Retrieval-Augmented Generation (RAG, 
cf. Lewis et al., 2020; Gao et al., 2023) can enable 
natural-language interaction with user-defined 

corpus slices by retrieving relevant passages or 
documents first and using them as grounded 
context for the model’s response. In contrast to 
“pure” generation, RAG and tool-calling workflows 
make the evidential basis explicit and allow 
outputs to be tied back to retrievable sources. In 
both cases, the decisive requirement is that AI 
support remains constrained by corpus retrieval 
and platform-provided results, and that outputs 
preserve traceability, evidence access, and 
distributional visibility rather than replacing them 
with narrative closure. 

4. Conclusion 

Do we still need corpora and corpus platforms for 
discourse analysis in the age of LLMs? We argue 
that we do – because LLMs change the interface 
to text analysis without removing the epistemic 
requirements that make discourse-analytic claims 
accountable. Corpus-based discourse analysis 
relies on (i) transparency of the data basis and 
traceability of analytical operations, (ii) 
interpretability as evidence-constrained sense-
making supported by contextualisation and 
triangulation, and (iii) the demonstration of 
seriality and patternedness as structured 
distributions and variation. These premises define 
what counts as a defensible discourse-analytic 
result. 

The societal stakes sharpen this point. 
Discourses shape shared assumptions and 
orders of speech, influencing what becomes 
sayable and legitimate. This makes discourse 
analysis a particularly sensitive domain: LLMs can 
generate fluent, plausible accounts while 
obscuring data choices and interpretive steps, 
and are therefore likely to be adopted for public-
facing “insights” into opinion formation and 
communicative dynamics. Without corpus-
grounded procedures, such uses risk replacing 
evidence-based analysis with persuasive 
narrative. 

For these reasons, corpus platforms may become 
more rather than less relevant by providing 
orientation amid fast access to unreliable 
knowledge. Their distinctive contribution is 
curated, documented corpora and robust views of 
distributions and structured variation with 
inspectable concordance evidence. The criteria 
proposed here translate these premises into 
design requirements: LLMs may support 
interaction and exploration, but results must 
remain corpus-grounded, workflows 
reconstructable, and variation visible. Tool-calling 
architectures point to a division of labour in which 
the LLM acts as an interaction layer while 
specialized platform tools handle retrieval and 
quantitative analysis. 
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