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Abstract 

 
Critical discourse studies read texts as sites of power, and its apparatus presupposes an author whose 
position can be located. Generative language models remove that presupposition while leaving the 
political stakes intact. Two responses dominate the emerging literature, and both fall short: reading the 
model as a speaker mistakes distributional regularity for intention, while reading it as a tool cannot 
register training-data curation, alignment, safety filtering, ownership, or scale as discursive acts. Neither 
yields a rule for what an analyst may infer from output alone. This paper develops the Mediated 
Discursive Operator (MDO) as an analytical construct naming a relational position within a production 
chain: a statistical engine whose outputs enter and reshape discourse at scale on terms set upstream, 
with causal efficacy but without intention, belief, or authorship. Three corollaries are derived, each with 
scope conditions and a disconfirmation condition: agency is distributed and structurally unequal; bias 
claims are scope-bound but can support structural critique through convergence; and critique must 
follow the value chain. These are operationalized as the CDA-GenAI Critical Agenda, a reporting 
framework rather than a validated methodology. Arabic is proposed as a critical test case. The paper is 
conceptual, and a program for empirical validation is specified. 
 
Keywords: algorithmic mediation; generative AI; critical discourse studies; discursive agency; large language 
models; political economy; research transparency 
 
1. Introduction 
 
Critical discourse studies has a well-developed apparatus for reading texts as sites of power, and that 
apparatus presupposes an author whose position can be located [1], [2]. Generative language models 
remove that presupposition while leaving the political stakes intact: a growing share of professional, 
educational, and public text now has no author, no locatable intentionality, and no disclosed provenance. 
The field’s two available responses are both inadequate. Reading the model as a speaker mistakes 
distributional regularity for intention and grants autonomous speech to a corporate product; reading it 
as a tool cannot register training-data curation, alignment, safety filtering, ownership, or scale as 
discursive acts. Neither yields a rule for what an analyst may infer from output alone. Gillings et al. [3] 
set out the resulting challenges for critical discourse studies across three fronts: the status of machine-
generated text as data, the dissolution of traceable authorship, and linguistic homogenization. That 
diagnosis is the starting point here, and what it leaves open is the constructive step: a named position 
for the system and a rule governing what may be inferred from its output. This paper proposes the 
Mediated Discursive Operator (MDO) as an analytical construct naming a relational position within a 
production chain, derives three corollaries, and operationalizes them as the CDA-GenAI Critical Agenda 
(CGCA), a reporting framework for authors, reviewers, and supervisors. What it makes possible is 
specific: locating a bias finding at a named stage of production, separating output-level evidence from 
upstream attribution by an explicit rule of evidence, and stating which form of agency a claim concerns. 
The paper is conceptual, and conceptual plausibility is not empirical validation. 
The paper is addressed to three groups: researchers reporting analyses of generative-AI discourse, 
reviewers and editors assessing such work, and supervisors advising on design. The MDO is not original 
at the level of its component insights. Distributed agency comes from actor-network theory and agential 
realism [4], [5]; value-chain analysis from platform and infrastructure studies [6], [7]; scope-bound bias 
from critical AI ethics [8], [9]; and the extraction critique from data colonialism [10]; the account of AI as 
a material and political formation comes from critical AI studies [11], and the catalog of language-model 
harms from Weidinger et al. [12]. What is offered is their integration into a construct with derived 
propositions, an explicit rule of evidence, and stated conditions of failure. 



 

 

 
2. Conceptual Approach and Framework Construction 
 
This is a theoretical paper, and its reasoning should be auditable. The problem was identified from a 
mismatch: the emerging critical literature on generative AI produces bias findings and 
anthropomorphism critiques without a shared account of what an analyst may infer from output alone. 
Competing perspectives were selected by their standing as the two positions taken in that literature (the 
model as speaker and the model as tool), and compared on a single criterion: whether each can register 
the production chain as discursive. The construct was developed by asking what a third position must 
contain to satisfy both the anti-anthropomorphism commitment and the political-economic one. The 
corollaries were derived by asking what follows for agency, for bias, and for the scope of critique if the 
thesis holds; each is stated with a disconfirmation condition (Table 2). Boundaries were established by 
seeking cases the construct should exclude, and empirical implications by asking, for each corollary, 
what evidence a study could collect. The procedure is reconstructed rather than followed prospectively, 
as is normal for conceptual work. Conceptual plausibility is not empirical validation. 

 
3. Two Misframings of the Discursive Object 
 
3.1 The Speaking-Subject Misframing 
 
A first family of approaches treats the model as a speaker. On this view the system has values, a voice, 
and in one recent study an emergent self-identity [13]; this literature asks what values a model’s outputs 
are consistent with, a claim about output regularities that the register then describes in belief vocabulary 
[14], [15]. The framing has a genuine analytical advantage: it takes seriously that outputs carry 
evaluative stance and that users respond to them as they would to speech. The anthropomorphic 
inference occurs at a specific point, however. Grammatical first-person performance is a property of the 
text; intention, belief, and authorship are properties of agents, and no inference runs from the first to the 
second. The political consequence of eliding this is substantial: treating output as autonomous speech 
grants a corporate product the standing of a participant and removes from view the parties whose 
decisions shaped what it says [16], [17]. Pinell’s [18] Gadamerian assessment reaches a compatible 
conclusion by a different route, arguing that generative output lacks the interpretive horizon that would 
make it language in the full sense. 

 
3.2 The Passive-Tool Misframing 
 
A second family treats the model as an instrument and asks whether it performs a task as well as a 
human analyst would [19], [20], [21], a question also pursued in annotation research where model and 
human labels are compared directly [22]. Its valid insight is the refusal of anthropomorphism: the tool 
framing correctly denies the system intention and belief. What instrumentality cannot register is 
everything that makes the output what it is. Training-data selection, architecture and optimization, 
alignment and safety filtering, deployment interfaces, ownership, and scale are not features of a tool’s 
use but decisions taken elsewhere, and each shape what can be said. The tool metaphor conceals 
institutional power precisely by locating the analytically interesting question at the interface, where the 
user is the only agent in view [23], [24]. 

 
3.3 What the Two Framings Share 
 
Both treat the system as an analytical endpoint. The speaking-subject framing makes that endpoint a 
will; the tool framing makes it an instrument. Neither asks what conditions produced the output, which 
is the question a critical account requires. The MDO is not a compromise between them: it rejects the 
shared premise, and its analytical payoff lies in what follows from doing so. 

 
4. The Mediated Discursive Operator 
 
Consider a newsreader on a 24-hour channel reporting that markets opened lower. The audience takes 
the sentence neither as her personal view nor as the output of a neutral instrument, but as a corporately 



 

 

mediated speech act: a human voice carries it, while wording, framing, and timing have been shaped 
by the channel’s institutional position. She is not a conduit, since she selects emphasis and controls 
pacing, yet her room for autonomous discursive action is bounded by editorial protocol. The analogy 
has an obvious limit, in that she has intentions and a generative model does not; what it isolates is a 
discursive event whose production conditions are neither subjectivist nor instrumentalist. Suchman’s 
[25] account of human-machine reconfiguration makes the general point that the boundary between 
agent and apparatus is an outcome of arrangements rather than a given. 
The MDO thesis. A generative language model, considered in deployment, occupies the position of a 
Mediated Discursive Operator: a statistical engine whose outputs enter and reshape human discourse 
at scale on terms set upstream, by training-data selection, architectural and optimization choices, 
alignment and safety regimes, and deployment policy. ‘Operator’ denotes selection, transformation, and 
scaling, not volition; the system has causal efficacy without intention, belief, or authorship. The MDO is 
an analytical construct, not a class of software: what it names is a relation, and the same weights occupy 
different MDO positions under different deployment conditions. Its unit of analysis is the situated output 
event taken together with its production conditions; its level is the relation between a deployed system, 
an internally differentiated corporate node, and an uptake context. Three features are necessary: 
outputs are generated rather than retrieved, the production chain is controlled by parties absent from 
the interaction, and the system operates at a scale that makes its regularities consequential for 
discourse. Where any is absent, as in a locally run open-weights model with documented provenance 
or a system whose outputs do not circulate, the construct does not apply, and saying so is what makes 
it falsifiable. 

 

 
Fig. 1. The MDO position and the production chain. The construct is defined against two rejected framings (upper 

panels). The chain below is an analytical ordering rather than a causal pipeline: the dashed return path marks 
feedback from uptake to fine-tuning, model updates that reset provenance, and reshaping by intermediaries, 
regulators, and institutional adopters. Stage 5 is what output-only analysis reads. Conceptual schematic; no 

empirical findings are represented. 
 
Because ‘agency’ is the term most often asked to carry the whole argument, the paper distinguishes 
seven senses and uses them separately (Table 1). The distinction that matters most is between the 
system’s causal efficacy, in that outputs have effects no participant authored, and the institutional power 
exercised through design decisions users cannot negotiate. Moral responsibility and legal accountability 
attach to human and institutional actors, never to a statistical process, and the two can diverge. Corollary 
1 is a claim about relations among these senses, not about agency in general. 

 
Table 1. Seven senses of agency distinguished in the MDO framework. 

Sense Held by Analytical status in the MDO 
Linguistic agency Users Choice among forms in composing prompts and 

editing output 



 

 

Sense Held by Analytical status in the MDO 
Interactional agency Users Selecting, accepting, refusing, recontextualizing 

output 
Causal efficacy The system Effects without intention, belief, or authorship 
Institutional power Corporate and deploying 

actors 
Design and deployment decisions users cannot 
negotiate 

Moral responsibility Human and institutional 
actors 

Never the system; requires separate normative 
argument 

Legal accountability Human and institutional 
actors 

May diverge from moral responsibility across 
jurisdictions 

Attributed agency Ascribed by users and 
texts 

An object of analysis, not a property of the system 

 
4.1 Position in the Conceptual Landscape 
 
The MDO stands in a specific relation to several adjacent traditions, and the differences are not merely 
terminological. Actor-network theory supplies distributed agency but treats actors as analytically equal 
pending investigation; the MDO weights the corporate node in advance and states the ground for doing 
so. Agential realism supplies material-discursive entanglement but dissolves the apparatus-
phenomenon boundary the MDO needs to locate accountability at named stages. Platform studies 
supply corporate infrastructural power but analyzes platforms as intermediaries of user-generated 
content, whereas an MDO generates the text at issue, making provenance rather than circulation the 
analytical problem. Data colonialism supplies the extraction critique; the MDO adds the return leg, in 
which extracted distributions are re-imposed as output on the communities they were drawn from. Kera 
[26] reaches a convergent conclusion from a different direction, describing large language models as 
deixis machines that perform the structure of enunciation with no speaker to inhabit it; that account 
works at the level of address, whereas the MDO works at the level of production, and the two are 
complementary. Within critical discourse studies, Kopf [27] differentiates four ways of studying social 
media critically, and the MDO names a fifth analytical situation: content whose author-function is 
corporate and statistical. Ledin and Machin [28] argue that critical discourse studies must move from 
metafunctional description to materiality; the MDO extends that move to the conditions of production, 
which is the warrant Corollary 3 requires. Sociomaterial and agential accounts of responsibility in 
computing reach adjacent conclusions from an organizational starting point [29], [30]. A comparison 
across twenty adjacent frameworks, stating overlap, difference, and contribution for each, is available 
from the author on request. 

 
4.2 The ‘Social Actor’ Framing 
 
One adjacent proposal warrants sustained engagement. Hamdi [31] reads generative AI as a social 
actor through van Leeuwen’s [32] framework, and Lakel [33] proposes the terms Large Discourse Model 
and Artificial Discursive Agent. These are not rivals to the MDO so much as its complement: they ask 
how generative AI is represented in discourse, whereas the MDO asks what kind of operator it is given 
its production conditions. A representational analysis shows how institutional texts position the system; 
a production-side analysis shows which upstream decisions the positioning conceals. KhosraviNik’s [34] 
distinction between content and practice supplies the vocabulary for keeping the two levels apart. 

 
5. Three Corollaries 
 
Three propositions follow from the thesis. Each is stated with its derivation, scope conditions, observable 
implications, and a disconfirmation condition, so that the framework can fail (Table 2). 
 
 
 
 
 

 



 

 

Table 2. The three corollaries as derived propositions. 

 Corollary 1: asymmetric 
agency 

Corollary 2: scope-bound 
bias 

Corollary 3: value-chain 
critique 

Proposition Agency is real, distributed, 
and structurally unequal 
across the senses in Table 1. 

Bias claims are warranted 
only under stated scope 
conditions; structural claims 
require convergence across 
them. 

Output-only analysis does not 
by itself warrant claims about 
ideological production. 

Derivation If terms are set upstream by 
absent parties, agency 
cannot be located solely in 
the interaction. 

If output is distribution-
weighted, a finding indexes 
the conditions that produced 
it. 

If upstream stages are 
discursive acts, the analytical 
object exceeds the output. 

Scope condition Deployments where users 
cannot negotiate 
configuration. 

Claims naming a model, 
version, prompt regime, and 
language community. 

Cases where production 
decisions are documented or 
contrastable. 

Observable 
implication 

Output regularities persist 
across varied user prompting 
within a fixed configuration. 

Measured effects vary 
systematically across models, 
versions, and language 
varieties. 

Documented upstream 
changes correspond to 
measurable shifts in output 
regularity. 

Disconfirmation Varying prompts within a 
configuration accounts for 
more of the variation in 
output regularity than varying 
the configuration does. 

Bias findings show no 
systematic variation across 
models, prompt regimes, or 
language communities. 

Documented version or policy 
changes are followed by no 
systematic shift in output 
regularity. 

Research design Prompt-controlled 
comparison across 
configurations, with prompts 
held constant. 

Multilingual, multi-model 
comparison with effect sizes. 

Longitudinal snapshots 
paired with policy and 
documentation analysis. 

CDS 
contribution 

Replaces a yes/no agency 
dispute with a mapping task. 

Lets local evidence support 
structural critique without 
overgeneralizing. 

Extends critique from text to 
the conditions of its 
production. 

 
Two points require emphasis. First, asymmetry is not powerlessness: users retain linguistic and 
interactional agency, and Corollary 1 claims only that this agency operates within terms it cannot set. 
Second, scope-binding does not deny structural power. A single finding indexed to one model and one 
prompt regime cannot support a claim about ‘AI bias’ in general, but convergent findings across models, 
prompt regimes, and language communities do support structural claims, and historically accumulated 
inequality is what makes such convergence expected rather than surprising [35], [36], [37]. 
Corollary 3 raises the hardest methodological problem in the paper: how to relate a textual feature to an 
upstream decision without speculation. The framework’s answer is a rule of evidence. A textual 
regularity, adequately sampled, is evidence of an output pattern and nothing more. Attributing that 
pattern to a stage of production requires either documentary evidence (a data statement, model card, 
alignment description, or content policy) or a controlled contrast in which the same prompt is run across 
versions, models, or language varieties. Where neither is available, the upstream claim is a hypothesis 
and must be labeled one. This is a constraint rather than a solution: proprietary opacity means many 
upstream claims will remain hypotheses, which is precisely the condition Axis A asks analysts to record 
rather than write around. Work on corporate safety discourse shows what documentary analysis at this 
level looks like [38], and Ahmed and Mahmood’s [39] reading of ChatGPT indicates what an output-level 
analysis can and cannot reach. 

 
Table 3. The production chain: actors, powers, and discursive consequences. 

Stage Principal actors Type of power Discursive 
consequence 

Evidence available 

1 Training-data 
selection 

Data vendors, 
curators, licensors 

Definitional: what 
counts as language 

Sets the distribution 
from which output is 
sampled, including 
which varieties are thin 
or absent 

Data statements, 
licensing disclosures, 
audits of open 
counterparts 

2 Architecture 
and 
optimization 

Researchers, 
engineers, compute 
providers 

Formal: what 
counts as a good 
continuation 

Tokenization and 
objective favor the 
modal register 

Technical reports, 
tokenizer 
vocabularies, open-
weights comparators 



 

 

Stage Principal actors Type of power Discursive 
consequence 

Evidence available 

3 Alignment and 
safety filtering 

Annotation 
contractors, policy 
and red teams 

Normative: what 
counts as 
acceptable speech 

An evaluative regime 
sediments into stance, 
hedging, and refusals 

Model cards, content 
policies, refusal 
probes across topics 
and languages 

4 Deployment 
and platform 
policy 

Product teams, API 
resellers, 
downstream 
developers, 
institutional adopters; 
regulators as 
constraint 

Access and 
framing: who meets 
which system on 
what defaults 

Same weights, 
different discourse; 
adoption converts a 
tool into a condition of 
participation 

Interface and version 
documentation, 
procurement and 
institutional policy 

5 Generated 
output 

No author; a 
distribution-weighted 
composite 

Effect, not decision The textual regularities 
analysis can read 

The texts, with 
prompts, version, 
date, and parameters 
recorded 

6 Interpretation 
and uptake 

Users, professional 
and educational 
communities 

Situated: real, 
consequential, 
unequally 
resourced 

Whether a pattern 
becomes a discursive 
fact 

Reception study, 
interviews, institutional 
policy, community 
interpretation 

 
6. The CDA-GenAI Critical Agenda 
 
The MDO thesis is theoretical; to do analytical work it requires an operational form. The CGCA is a 
reporting framework and critical workflow, not a methodology and not a validated instrument. Each of 
its five axes operationalizes one corollary as a reporting requirement (Table 4, Figure 2; the axes are 
restated as an author-facing checklist in Appendix A). Remling’s [40] operationalization of 
poststructuralist policy analysis is the in-journal precedent: a theoretical apparatus rendered auditable 
without a claim to empirical validation. Any analogy with consensus-developed reporting standards in 
clinical research concerns function, not epistemic status; those instruments were built through extensive 
consensus exercises, and the CGCA has undergone nothing equivalent. 

 
Table 4. The five CGCA axes: research question, unit, admissible claim, and reproducibility requirement. 

Axis Research 
question 

Unit of analysis Admissible claim Reproducibility 
requirement 

Corollary 
operationalized 

A Provenance 
disclosure 

What is 
knowable about 
this system’s 
production, and 
what is not? 

Deployed 
version at a 
stated date 

Descriptive; non-
disclosure is itself 
a finding 

Deposit the 
provenance 
record with the 
analysis 

3 

B Disaggregated 
agreement 

Does 
agreement hold 
for interpretive 
judgments or 
only surface 
features? 

The coded item, 
stratified by 
level 

Interpretive claims 
only as far as 
interpretive-
stratum 
agreement allows 

Deposit 
codebook and 
per-stratum 
statistics 

1 

C Scope-bound 
bias 

Under which 
conditions does 
this pattern 
hold? 

Prompt-output 
pair indexed to 
model, version, 
variety 

Bounded to 
conditions varied; 
structural 
attribution requires 
cited convergence 

Deposit prompts, 
outputs, and the 
variation design 

2 

D Centering the 
periphery 

Whose 
scholarship and 
varieties are 
treated as the 
default case? 

The citation 
base and 
varieties 
analyzed 

Claims about a 
community require 
engagement with 
its scholarship 

Report the 
citation-base 
audit result 

3 

E Replicable 
materials 

Could another 
researcher see 
what was seen? 

The deposited 
materials set 

Findings hold for 
deposited 
materials; 
snapshot-specific 
findings labeled 

Deposit at 
submission; 
name withheld 
items and 
reasons 

3 



 

 

 

 
Fig. 2. From theory to validation. Tier 1 states the MDO thesis as an analytical construct. Tier 2 gives the three 

corollaries derived from it. Tier 3 gives the five CGCA axes, each labeled with the corollary it operationalizes. Tier 
4 marks the empirical program as not yet undertaken (dashed border). The tiers distinguish conceptual 

propositions from operationalization and from validation; nothing in the figure reports an empirical finding. 
 
6.1 A Conceptual Vignette 
 
The following is a hypothetical illustration, not a study. No prompts were issued, no outputs were 
collected, and no coding was performed; the vignette exists to show what analytical decisions the axes 
require. Suppose a researcher asked a model to write short professional biographies for two fictional 
engineers differing only in name, and observed that one text foregrounded technical authority while the 
other foregrounded interpersonal warmth. A traditional reading would identify gendered professional 
discourse and stop. A CGCA-compliant reading would instead record the model, version, interface, and 
date, and note what the vendor does not disclose (Axis A); stratify any coding into surface-level and 
interpretive-level items before computing agreement (Axis B); state the claim as bounded to this model, 
version, prompt frame, and language, with an effect measure across repeated generations (Axis C); ask 
whose scholarship on gendered professional discourse the analysis draws on (Axis D); and deposit 
prompts and outputs so a later reader can re-run the contrast on a later snapshot (Axis E). Whether 
these requirements improve analytical quality is untested; what the vignette shows is which decisions 
the framework forces into the open. 

 
6.2 Status and a Falsifiable Validation Pathway 
 
The CGCA has not undergone empirical validation through prospective application, journal-level uptake, 
or measured effects on reporting quality, and the vignette above is illustrative rather than evidential. A 
three-stage pathway is proposed: pilot adoption in a small number of studies; comparison of reporting 
completeness between compliant and non-compliant analyses of the same material; and assessment 
of whether scope-bound claims survive replication better than unbounded ones. To keep the pathway 
falsifiable rather than aspirational, two kinds of criteria are distinguished in advance. The disconfirmation 
conditions in Table 2 are what would show the corollaries to be false: if scope-bound findings prove no 
more replicable than unbounded ones, or if varying prompts within a configuration explains more output 
variation than varying the configuration, the framework fails on its own terms. Two further criteria 
concern usefulness rather than truth: whether independent studies adopt the axes within 24 months of 
publication, and whether adopters report improved specificity in their claims. Failure on these would 
show the framework to be unused, not wrong. The full validation program spans cross-model 



 

 

comparison, dialectal analysis, longitudinal snapshots, documentation analysis, and community-
centered interpretation; Table 2 states the disconfirmation condition on which each corollary would fail. 

 
6.3 Relation to Adjacent Reporting Frameworks 
 
Model Cards, Data Statements, and Datasheets for Datasets share the CGCA’s commitment to 
structured disclosure but operate on the producer side and address developers [41], [42], [43]. The 
CGCA operates on the analyst side: it disciplines what a discourse analyst may claim about a system. 
Where a model card exists, Axis A can draw on it directly; where none exists, Axis A requires the analyst 
to record what is knowable and name what is not. 

 
7. Anchoring the Proposal in Applied Linguistic Traditions 
 
Systemic functional linguistics offers a vocabulary for specifying which output regularities to document, 
since a distributional process should be expected to produce systematic tendencies in transitivity, 
modality, and thematic structure; this is a hypothesis for testing rather than an established finding [44]. 
That such tendencies should exist at all follows from the few-shot generalization behavior documented 
since Brown et al. [45]. Axis B can accordingly specify which metafunctional dimensions a codebook 
tracks, and the stylistic convergence reported by Sourati et al. [46] can be examined as metafunctional 
convergence rather than undifferentiated sameness. The discourse-historical approach supplies 
strategies of nomination and predication that support systematic comparison across prompts and 
snapshots, letting Axis C scope conditions be specified in terms of which topoi appear under which 
conditions [47], [48]. Multimodal critical discourse studies becomes directly relevant as generative 
systems extend into image and audio; Hart’s [49] analysis of AI-generated images of refugees illustrates 
the analytical purchase of treating generated images as multimodal discursive constructions, and the 
axes extend to visual provenance and to schemata separating compositional features from interpretive 
ones [50], [28]. 

 
7.1 Arabic as a Critical Test Case 
 
Arabic is not an appended illustration but the framework’s most informative test case, because what a 
well-resourced English deployment conceals, an Arabic one exposes. Ahmed [51] argues that the 
apparatus of discourse analysis itself carries Anglophone assumptions requiring decolonial revision; the 
MDO gives that argument a production-side form. Arabic NLP resources are documented as thin relative 
to English, and dialect coverage thinner still [52], [53], [54]. There is therefore reason to expect model 
output in Arabic to favor Modern Standard Arabic over regional varieties and to flatten register 
accordingly. That expectation is a hypothesis, not a finding: the sampling distribution of any proprietary 
deployment is undisclosed, which is what makes the case diagnostic. Provenance opacity is a defect in 
every language. In English, dense coverage masks its analytical cost, so the defect is easier to overlook; 
in Arabic the same opacity is immediately disabling, because a corporate coverage decision and a 
property of the language cannot be told apart without disclosure. The Arabic case therefore exposes a 
limitation that applies to English deployments no less. Nothing here treats Arabic, its varieties, or their 
speakers as homogeneous. Applied to this article’s own citation base (Axis D), the audit is unflattering 
but stated: of 54 works cited, one is in a language other than English [33], and the scholarship engaged 
substantively from outside North America and Western Europe is limited to work published from the 
Arab region [39], [31], [54] and Brazil [36]. 
A programmatic agenda follows: corpus-level audits of Arabic representation in documented training 
sets, dialect-comparative prompt studies, and register analysis of Arabic output against human-authored 
professional corpora. Each is a test of Corollary 2’s scope conditions rather than an illustration of them. 

 
8. Objections, Limits, and Adoption 
 
Several objections can reasonably be raised against this proposal; the four most consequential are 
answered in Table 5, and the full set of ten, with responses, is available from the author on request. 
Where an objection lands, the claim is narrowed rather than defended. 

 



 

 

Table 5. Anticipated objections and responses. 
Objection Response 
MDO is a new label for a sociotechnical system Partly conceded: the category is not new, but the 

inferential rule attached to this position is what no 
existing account supplies. 

The framework reproduces ANT with a corporate 
emphasis 

ANT holds actors analytically equal pending 
investigation; the MDO weights the corporate node in 
advance and states what would disconfirm that 
weighting. 

Corporate asymmetry is assumed, not demonstrated Partly conceded: argued from documented opacity 
rather than measured and now stated as falsifiable. 

CGCA is an agenda, not an operational method Conceded: it is a reporting framework and critical 
workflow, not a validated methodology. Table 4 
specifies it per axis. 

 
Four limits deserve naming. The framework’s value depends on uptake by institutional actors the author 
cannot command. It is calibrated for frontier-LLM discourse, and its extension to smaller, multimodal, or 
open-weights systems is untested. Axis B presumes a two-coder design that single-author studies 
cannot supply. And applied indiscriminately, the axes could function as a barrier rather than a discipline. 
Adoption in under-resourced contexts raises three further risks: Axis A presumes information developers 
may not publish in the relevant languages; Axis E presumes repository infrastructure that is unevenly 
distributed; and uneven uptake between well-resourced and resource-constrained venues could 
entrench rather than reduce Anglophone centrality. These are conditions on responsible adoption rather 
than reasons to defer it. 
A more radical objection would ask whether critical discourse studies is the right tradition at all for an 
object with no locatable speaking subject. The argument here is that it is, but only once its apparatus is 
adapted: the field’s core commitment is to reading language as a site of power, and an object whose 
production is concentrated in a handful of firms is a site of power in the field’s own terms. What must be 
given up is the assumption that the text’s producer is available for analysis; what replaces it is a rule for 
reasoning from text to production conditions under stated evidential constraints. 

 
9. Conclusion 
 
The payoff can be stated concretely. A researcher adopting the framework can locate a bias finding at 
a named stage of production rather than attributing it to ‘the model’ or to ‘AI’; can distinguish what a text 
shows from what the production chain is hypothesized to have done, by a stated rule rather than 
authorial confidence; can say which sense of agency a claim concerns, so that a dispute about model 
agency becomes a tractable disagreement about causal efficacy or institutional power; and can report 
a finding in a form a later study on a later snapshot can contradict. Each of these capacities has partial 
precedents in adjacent literatures. What the paper offers is their integration into a single reporting 
framework, together with a specification of what would count as evidence against it. 
Generative language models are becoming infrastructural for professional, educational, and public text 
production, and critical discourse studies has something to contribute to their analysis. That contribution 
will remain partial for as long as the field must choose between granting a corporate product the standing 
of a speaker and treating it as a neutral instrument. The MDO offers a third position, three propositions 
that follow from it, and a reporting framework that makes those propositions answerable to evidence. 
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Appendix A. The CGCA Author-Facing Checklist 
 
The checklist restates the five axes as concrete questions, glossing each ambiguous term in 
parentheses, and may be reproduced in full or by reference in a methods section. 
Axis A: Provenance Disclosure. A1. Model name and exact version (with snapshot or release date) 
specified? A2. Deployment channel (API, chat interface, embedded application) named? A3. Alignment 
regime (RLHF, DPO, other) disclosed to the extent publicly available? A4. Date range of analyzed 
outputs recorded? A5. Prompt template deposited or quoted in full? 
Axis B: Disaggregated Agreement. B1. Codebook separating surface-level items (decidable from 
explicit lexical or structural features, such as a stated job title) from interpretive-level items (requiring 
inference about framing, stance, or agency)? B2. Agreement statistics (κ, F1, or accuracy) reported 
separately for each stratum? B3. Aggregate statistics, where reported, given in addition to rather than 
instead of the disaggregated figures? B4. At least one analytical claim resting on an interpretive-level 
statistic explicitly flagged as such? B5. Single-coder designs making B1–B4 inapplicable stated and 
justified? 
Axis C: Scope-Bound Bias Claims. C1. Each bias claim specifying model (with version), prompt 
regime, and language community? C2. Effect size or comparable quantitative anchor reported for each 
claim? C3. Each claim written so that a reader could falsify it by replication? C4. Generic ‘structural’ 
attributions avoided unless explicitly defined, bounded, and distinguished from the study’s own 
measured findings? 
Axis D: Centering the Periphery. D1. Citation base audited for non-Anglophone and Global-South 
representation? D2. At least one substantive engagement (not citation alone) with scholarship from 
outside North America and Western Europe, where topic permits? D3. Analytical concepts checked 
against terms developed in relevant non-Anglophone traditions? 



 

 

Axis E: Replicable Materials. E1. Prompts, outputs, and model-version metadata deposited in an open 
repository with a persistent identifier? E2. Analysis repeated on a second model or snapshot where 
feasible? E3. Non-depositable items (e.g. personally identifiable inputs) explicitly named and justified? 
The checklist is guidance, not a pass-fail instrument. Authors unable to address an item are invited to 
state and justify the omission, which reviewers should treat as adequate compliance; the reporting 
burden is discussed among the limits above. 


