
Auditing LLM-mediated interpretation through
source-to-claim documentation
Chongwon Park 

University of Minnesota
Bo Kyoung Kim 

Georgia Institute of Technology

Article

Keywords: generative artificial intelligence, qualitative research, audit trail, reflexivity, reanalysis, meaning
representation

Posted Date: October 14th, 2026

DOI: https://doi.org/10.21203/rs.3.rs-10756391/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-10756391/v1
https://doi.org/10.21203/rs.3.rs-10756391/v1
https://doi.org/10.21203/rs.3.rs-10756391/v1
https://creativecommons.org/licenses/by/4.0/


Auditing LLM-mediated interpretation through

source-to-claim documentation

Abstract1

Generative artificial intelligence is used in qualitative coding and analytic writing, yet hosted2

models complicate auditability because repeated calls may vary and fluent prose can obscure3

how evidence becomes an analytical claim. Source-to-claim documentation is introduced as4

a framework that links source evidence with model interactions and review, then preserves5

the chain for reanalysis. Its contribution lies in retaining the evidential path through which6

generated material acquires analytical status, rather than disclosing that AI was used. A7

diagnostic demonstration with twelve constructed sources and two workflow conditions8

illustrates the framework’s function. Repeated paraphrases reproduced the same semantic9

shift, while quotation-compliant memos introduced disputed interpretations. Average graph10

overlap also concealed item-level variation. Structured comparison can identify where a11

source relation changes, but human judgement remains responsible for deciding whether the12

change affects an analytical claim. The framework offers a proportional basis for auditing13

LLM-mediated interpretation in humanities and social research.14

Keywords: generative artificial intelligence; qualitative research; audit trail; reflexivity;15

reanalysis; meaning representation16
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1 Introduction17

Large language models now assist qualitative researchers across the humanities and social18

sciences with coding and analytic writing. Early studies point to gains in speed, but they19

disagree about the depth and reliability of machine interpretation. Morgan (2023) found that20

ChatGPT recovered concrete themes more readily than subtle ones. By contrast, Dunivin21

(2025) developed a reflexive approach in which model assistance remains embedded within22

human coding practice. Other work emphasises epistemological limits or cautious adoption23

rather than efficiency alone (Anis and French, 2023; Messner et al., 2025). Recent articles24

in the International Journal of Social Research Methodology extend the discussion through25

technological reflexivity and new forms of human-AI collaboration (Paulus and Lester, 2024;26

Phan and Le, 2026; Lai and Wu, 2026).27

Across the literature, one difficulty recurs. An LLM can turn source material into28

fluent analytical prose within seconds, but the finished paragraph hides the transformations29

that occurred during generation. A reader may encounter an interpretation without knowing30

whether a commitment came from the source or arose during machine generation and human31

revision. Disclosure cannot resolve the problem by itself. Naming the AI system identifies a32

tool, but it does not reconstruct how a generated artefact influenced a claim.33

A second difficulty arises from the use of hosted systems. Researchers do not control34

a fixed computational object, as a provider may retain a public model name while changing35

the underlying service. Repeated calls can also yield different wording under apparently36

stable conditions. Exact regeneration is uncertain, but output identity would remain a poor37

standard even if it were available. Different responses may preserve the same evidential38

relation, whereas repeated responses can reproduce the same distortion.39

Qualitative research already offers a methodological resource for addressing such40

mediation. Audit trails preserve the decisions through which data become interpretation,41

and reflexive accounts explain how the researcher and setting shape analysis (Lincoln and42
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Guba, 1985; Rodgers and Cowles, 1993; Berger, 2015). Digital workflows widen the obligation43

because software participates in the transformation of evidence (Paulus and Lester, 2024).44

When a generative system contributes new language, its output should remain available45

beside the human decision that follows.46

The source-to-claim documentation framework proposed here extends audit trails47

for interpretive work in the humanities and social sciences. It links the research frame and48

source to a dated generation record, followed by human review. The phrase “source-to-claim”49

denotes the evidential path from original material to the analytical claim eventually reported.50

When a claim depends on a semantic relation that fluent prose may alter, the method can51

add a structured checkpoint, understood here as a compact representation placed alongside52

the generated text. In the diagnostic demonstration, candidate meaning graphs served that53

function. A meaning graph represents selected aspects of a sentence, such as event structure54

or evidential status, through labelled relations among concepts. By making the audited55

relation visible and comparable across runs, the graph helps reviewers identify where a model56

preserved or changed the source commitment. The broader method does not require specific57

graph notation because another structured record can serve the same purpose when it keeps58

the relevant relation inspectable.59

The central question concerns how qualitative audit trails should change when a hosted60

generative model mediates the movement from evidence to analytical claim. Source-to-claim61

documentation addresses the problem by preserving model output and human review as linked62

research objects. Within the broader framework, the graph audit asks whether repeated63

outputs preserve a relation identified in the source rather than merely reproduce similar64

wording. A diagnostic demonstration illustrates how the general framework and graph-based65

procedure operate without treating the results as estimates of model performance.66
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2 Audit trails and technological reflexivity67

2.1 Trustworthiness without mechanical replication68

Qualitative audit trails were developed to substantiate trustworthiness through records of69

context and analytical decision-making. Rodgers and Cowles (1993) describe the trail as a70

body of documentation rather than a single log, since methodological notes and reflexive71

records answer different questions about an inquiry. Lincoln and Guba (1985) connect such72

records to dependability and confirmability. Later guidance continues to favour systematic73

disclosure without reducing quality to procedural uniformity (Nowell et al., 2017; Tracy, 2010;74

Levitt et al., 2018).75

Debates over transparency reveal an unresolved tension in qualitative methodology.76

Aguinis and Solarino (2019) call for reporting practices that permit closer inspection and,77

where appropriate, replication, whereas Pratt et al. (2020) caution that transparency loses78

its value when it is equated with reproducing the same interpretation. The source-to-claim79

documentation proposed here addresses the tension by separating evidential inspectability80

from interpretive agreement. It preserves the path through which source material became81

an analytical claim, allowing another scholar to examine the transformation without being82

expected to endorse the resulting reading.83

The advantage of the source-to-claim documentation framework becomes clearer when84

repeatability is separated from reanalysis. Repeatability asks whether archived code can85

regenerate a reported summary from fixed files, which remains central to computational86

reproducibility (Sandve et al., 2013; National Academies of Sciences, Engineering, and87

Medicine, 2019). Reanalysis has a different aim because it asks whether preserved research88

objects can support a later reading under another analytical frame (Schöch, 2023). Qualitative89

data reuse requires contextual records, since detached transcripts cannot reveal the conditions90

under which an earlier interpretation was formed (Bishop, 2007; Irwin, 2013). Source-to-claim91

documentation supports both activities by preserving fixed computational artefacts together92
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with the context and review decisions needed for reinterpretation. Such continuity is especially93

important in LLM-mediated research because the hosted model may change even though its94

dated output continues to shape a published claim.95

2.2 Generative systems as methodological participants96

Computer-assisted analysis has long influenced qualitative workflows, including the develop-97

ment and revision of theory (Dalkin et al., 2021). Generative systems differ from conventional98

software because they can select evidence and propose interpretation within one fluent99

response. A coding platform usually makes its operations visible through an observable100

workflow. An LLM can compress several analytical moves into a paragraph that reads as if101

no transformation occurred.102

Methodological reflexivity requires researchers to examine how their design choices103

shape the knowledge they produce.1 Paulus and Lester (2024) extend that practice to digital104

research through the concept of technological reflexivity, which directs attention to how digital105

tools and environments alter the research process and its outcomes. Generative systems widen106

the issue because the tool produces language that may enter the analysis directly. Phan and107

Le (2026) describe AI as a research partner while preserving the researcher’s responsibility108

for selection and interpretation. Lai and Wu (2026) similarly place prompt refinement and109

generative iteration within an exploratory methodological framework.110

Nonetheless, the partnership metaphor can still obscure asymmetry. Fluent output111

can invite readers to attribute meaning or communicative intent to a system that generates112

linguistic form without such grounding (Bender et al., 2021). Researchers can explain why113

a passage was selected and why a claim was accepted. Model documentation and data114

statements address related problems at the system level (Bender and Friedman, 2018; Gebru115

et al., 2021; Mitchell et al., 2019), but an individual project needs a narrower record because116

scholars rarely possess complete information about a proprietary service. Their practical117

obligation is to preserve what they could observe and how the output affected analysis.118
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Prompt structure can also manufacture apparent validity. Zheng et al. (2026) dis-119

tinguish prompt-valid outputs from theory-valid data, finding that plausible structure may120

reflect instructions rather than autonomous inference. Interpretive research faces the same121

risk when fluency hides how strongly the prompt shaped a claim. Later readers need the122

instruction beside the output if they are to evaluate the transformation.123

Recent approaches address either reporting or process traceability. Jones’s TROUT-AI124

and Fehring et al.’s COREQ+LLM initiative strengthen the reporting of prompts and human125

oversight (Jones, 2025; Fehring et al., 2025). Lu et al.’s QualAnalyzer preserves the complete126

interaction for each source segment, whereas Forster et al. trace concepts back through127

a task-specific qualitative content analysis pipeline (Lu et al., 2026; Forster et al., 2026).128

Source-to-claim documentation draws the two strands together but serves a different function.129

Its four records preserve how an individual generated artefact moves from source evidence to130

analytical status, and an optional checkpoint makes a selected transformation available for131

review. The chain remains open to reanalysis across interpretive methods. Table 1 compares132

existing approaches with the source-to-claim documentation framework and shows how the133

framework extends reporting and traceability through a linked evidential path.134
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Table 1. Methodological functions of related approaches

Approach Primary function Relation to source-to-claim
documentation

TROUT-AI and
COREQ+LLM
(Jones, 2025; Fehring
et al., 2025)

Strengthen disclosure of AI use
and human oversight.

Centre on reporting rather than
a claim-level archive of linked
artefacts.

QualAnalyzer (Lu et
al., 2026)

Preserves the complete model
interaction for each source
segment.

Provides item-level traceability
without a separate checkpoint
linked to interpretive review.

Forster et al.’s
pipeline (Forster et
al., 2026)

Traces concepts back to
interview passages within
qualitative content analysis.

Offers a task-specific workflow
rather than a
representation-neutral framework
for interpretive claims.

Source-to-claim
documentation

Links each source to generation
and review, then preserves the
chain in an archive.

Shows how a generated artefact
acquired analytical status and
supports later reanalysis.

The distinctive contribution lies in the linkage rather than any single component.135

Reporting schemes can show that AI participated, while traceable pipelines can recover model-136

derived outputs. Source-to-claim documentation also preserves how an artefact acquired137

analytical status, allowing later inspection without requiring the original interpretation to be138

reproduced.139

To preserve a clear division of responsibility, source-to-claim documentation treats the140

model as a dated computational instrument rather than an autonomous interpreter. Within141

that arrangement, the research team defines the task and evaluates the result, while the system142

contributes candidate artefacts for review. Reflexivity thus extends beyond the researcher’s143

position to include the technological mediation through which evidence is transformed. A144

defensible record should accordingly show how the model entered the workflow and how145

scholarly judgement governed the transition from generated output to analytical claim.146
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3 Source-to-claim documentation147

The source-to-claim documentation framework consists of four linked records that preserve148

the path from source evidence to an analytical claim. It first documents the research frame149

and source together with the model interaction and raw output. It then preserves any150

structured audit and human review before linking the analysis to an archive that supports151

later inspection or reanalysis. Table 2 specifies the minimum evidence required at each152

stage. The framework remains compact because full annotation of every passage would be153

impractical for most interpretive studies.154

Table 2. The source-to-claim record

Record Function Minimum evidence

Research frame and
source

Defines the analytical claim and
anchors it in recoverable material.

Task boundary and source
identifier.

Model interaction Records the computational
instrument as it was available
during the study.

Exact prompt and dated
interaction record, including the
raw output.

Structured audit
and review

Makes selected transformations
inspectable and records the
decision that followed.

Candidate representation or
comparison note, followed by a
review rationale.

Analysis and archive Supports verification over fixed
files and later reinterpretation.

Analysis script and linked
repository record with stable
identifiers.

The following subsections describe each of the four linked records and explain the155

methodological function that each performs.156

3.1 Research frame and source157

The first record establishes the basis on which a generated artefact can be evaluated. It joins158

the research frame with the source because an output cannot be interpreted apart from the159

task assigned to the model or the evidence supplied to it.160
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The research frame specifies the analytical purpose of the model interaction. It should161

indicate whether the model was asked to summarise or interpret, while also defining the kinds162

of inference that the task permits. Such boundaries allow a reviewer to distinguish failure to163

follow the instruction from a legitimate disagreement about the source.164

The source component identifies the passage and preserves its provenance. It should165

include the complete material shown to the model, since an output cannot be evaluated166

against a shorter excerpt than the one used during generation. The same principle applies167

when the prompt contains a codebook or prior examples. In each case, the evidence record168

must reflect the material that shaped the response.169

The two components perform complementary functions. A quotation may remain170

accurate even when the surrounding memo exceeds the assigned task, so preserving the source171

alone cannot establish whether the output was methodologically acceptable. Conversely, a172

clear task description cannot support review unless the relevant evidence remains recoverable.173

When redistribution is restricted, a stable citation and documented access conditions can174

preserve the source-to-claim link without requiring public release.175

3.2 Model interaction and raw output176

The second record documents the computational event that produced the artefact. It links177

the complete prompt and observable model conditions to the unedited response, allowing a178

later reader to reconstruct what the system was asked to do and what it returned.179

The prompt defines the evidence available to the model and the form of the requested180

response. An output preserved without its prompt loses the conditions needed for interpreta-181

tion. Preserving the prompt alone creates a different gap, since later readers would have to182

call a hosted service that may no longer respond in the same way. The record should thus183

retain the exact instruction together with any contextual material supplied during generation.184

A model manifest2 situates the interaction within a specific computational context.185

Because researchers cannot inspect the hidden infrastructure of a hosted service, the manifest186
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cannot identify a permanent model snapshot. It instead preserves the conditions that were187

observable when the output was produced, following established documentation practices for188

data and models (Bender and Friedman, 2018; Gebru et al., 2021; Mitchell et al., 2019).189

The unedited response completes the second record. It should be preserved before190

correction or selective quotation, since silent revision prevents readers from determining191

whether a commitment originated in the model or during later editing. Any reviewed version192

should remain linked to the original output, but the explanation for accepting or changing193

it belongs to the subsequent review record. When public release would expose protected194

source or participant information, stable identifiers and controlled access can preserve the195

connection without requiring unrestricted disclosure.196

3.3 Structured audit records and human review197

The third record documents how a generated artefact was examined before it acquired198

analytical status. It combines an optional structured audit with a record of human review.199

The structured component identifies a source-level transformation, while the review component200

explains whether that transformation affects the claim.201

Direct comparison with the source may be sufficient when the generated text remains202

close to the evidence and the relevant relation is easy to identify. A structured audit203

becomes useful when fluent prose compresses or obscures a relation on which the analysis204

depends. Rather than representing the entire interpretation, the audit isolates a limited205

source commitment, such as the assignment of agency or the evidential status of a proposition.206

The representation may take the form of a compact table or a graph, depending on the risk207

being examined. Its purpose is diagnostic because it identifies where closer inspection is208

needed without deciding whether the output is acceptable.209

Human review supplies the interpretive judgement that the structured record cannot210

provide. The reviewer returns to the source, considers the identified transformation, and211

records whether the generated artefact can support the analytical claim. When revision is212
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required, the rationale should explain what changed and why. Disagreement should remain213

visible whenever it affects the use of the artefact, since an unexplained final decision would214

conceal the interpretive boundary that the audit was intended to expose.215

The two components should remain linked. A structured representation without a216

review rationale cannot explain the analytical significance of a difference, whereas a review217

note without supporting evidence is difficult for another scholar to assess. The record need218

not preserve a comprehensive account of the reviewer’s reasoning. It should preserve enough219

evidence to show how the generated artefact acquired its final role in the analysis.220

3.4 Archived analysis and reanalysis221

The fourth record preserves the analytical materials needed to verify a published result and222

revisit it under a different interpretive frame. It links fixed outputs and analysis files to223

the earlier source, generation, and review records, thereby maintaining continuity across the224

entire source-to-claim path.225

Verification should operate on archived outputs rather than on fresh model calls226

because a new response would create a different research object. Scripts can regenerate227

reported counts or comparison summaries from the preserved files, while stable identifiers228

connect each result to its source and review decision. A brief README should explain229

how the files relate so that another scholar can reconstruct the workflow without relying on230

undocumented knowledge.231

Archival organisation also supports reanalysis. Saving every file is insufficient when232

the relationships among them remain unclear. Version notes should show how a generated233

artefact entered the analysis, whether it was revised, and why it was later retained or excluded.234

Another researcher can then inspect the original claim before applying a different coding235

scheme or interpretive framework to the same evidence.236

The record supports both technical and evidential verification. Technical verification237

examines whether archived code reproduces the reported analysis from fixed files. Evidential238
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verification asks whether the analytical claim remains supported after the source, prompt,239

generated artefact, and review decision are considered together. A workflow may succeed240

computationally while producing a weak interpretation. Conversely, a persuasive reading241

may depend on an undocumented transformation. Linked records allow another scholar to242

locate the source of either problem.243

Archiving must also account for consent and access restrictions. Generated material244

may reproduce protected sources, while review records may contain participant information245

that cannot be released publicly. Controlled access or redaction can preserve accountability246

when unrestricted disclosure would violate ethical or legal conditions. We suggest that the247

archive should document such limits explicitly, since NIST guidance treats generative AI risk248

management as an ongoing process that includes periodic review (Autio et al., 2024).249

4 Implementing the four-record framework in a diagnostic experiment250

Section 3 defined source-to-claim documentation as a framework of four linked records,251

and the diagnostic experiment put that framework into practice by preserving a stable252

source identifier from model generation through the review and archiving stages. Generated253

artefacts then added a dated model label and task-run code, whereas reader data added an254

anonymised rater code. The resulting links allow an item-level finding to be traced through255

every transformation to the source sentence that initiated it.256

The implementation limited the scope of each audit component rather than applying257

every form of review to every artefact. Twelve constructed sources entered three tasks, and258

two hosted OpenAI models completed two runs of each task, producing 144 raw artefacts.259

Candidate graph pairs supplied the structured audit, while reader judgements evaluated prose260

from the primary model. The study functions as a worked methodological demonstration. It261

examines whether the four records expose different weaknesses, but it does not compare the262

framework with another audit procedure or measure gains in analytical decision-making.263
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4.1 Record 1 in practice: research frame and source264

The first record established the purpose and scope of the experiment before any model call.265

Before generation began, the protocol specified that the constructed sources would be used to266

test whether the four linked records revealed different weaknesses in the workflow, rather than267

to estimate model accuracy or compare overall performance. More specifically, the protocol268

asked whether linked records could expose a source-level shift and distinguish it from later269

interpretive expansion. The examples were constructed for methodological control rather than270

realism. Each sentence isolated a relation that could be specified before generation, which271

made later movement easier to locate without inaccessible context. Katz et al. (2026) likewise272

used synthetic qualitative data to evaluate an LLM-assisted method under known conditions.273

Exact archiving also avoided licensing restrictions. The controlled setting carries a cost274

because the sources do not reproduce the density of an interview collection or documentary275

archive. Their role is to stress-test the links among records, not to represent the distribution276

of errors in humanities or social research data.277

Table 3 presents the twelve constructed sources and explains how each pair isolates278

a semantic relation or interpretive boundary that may shift during generation. Twelve279

single-sentence sources were assigned identifiers S1 through S12 in the order shown in280

Table 3. Each source record paired the exact wording with the relation selected for audit.281

The attribution items focused on whether reported content remained attributed, while the282

remaining items tested another source relation or the boundary between literal content and283

pragmatic interpretation. The source manifest preserved the identifier and phenomenon label.284

A machine-readable stimuli file supplied the same sentence to every model condition, so later285

comparisons did not rely on a reconstructed source.286
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Table 3. Constructed diagnostic sources and their design rationale

Phenomenon Source examples Reason for inclusion

Attribution and
evidential status

“A blogger alleged that the senator met with lobbyists,
but the senator denied that any meeting occurred.”
“The witness said the guard opened the gate after a
phone call, and the judge noted that this testimony was
hearsay.”

Tests whether reported
content becomes an
unqualified assertion or loses
an evidential qualifier.

Counterfactual
modality

“If the evacuation order had been issued earlier, the
injuries would have been prevented.”
“Had the team practiced more, they might have won the
match, but they lost three to zero.”

Tests whether hypothetical
events remain distinct from
actual outcomes.

Partial negation
and scope

“Not every reviewer supported the proposal; two
reviewers abstained.”
“The curator did not entirely dismiss the forgery claim,
but she called the evidence weak.”

Tests whether limited denial
is expanded into rejection of
the whole proposition.

Reference
resolution

“Carla criticized Dave during the meeting, and he
apologized to her the next day.”
“Rina lent her notes to Omar because he had missed the
lecture.”

Tests whether participant
links and event roles survive
paraphrase.

Sarcasm as
pragmatic stance

“After the system crashed again, Priya said, ‘Fantastic,
just what we needed,’ and rolled her eyes.”
“When the bus arrived thirty minutes late, Jamal
muttered, ‘Right on time’.”

Tests whether literal wording
is mistaken for the speaker’s
intended evaluation.

Institutional
metonymy

“London decided to cut the subsidy to the provinces.”
“Washington announced new tariffs on steel imports.”

Tests whether place names
are expanded into
institutional actors without
marking the inference.

Every prompt and output retained the source identifier, as did the comparison and287

reader records. Later artefacts could thus be evaluated against the task boundary and source288

relation established in Record 1.289

4.2 Record 2 in practice: model interaction and raw output290

The second record documented each computational event. For every call, the interaction291

record combined the source identifier with a dated model label and a task-run code. It292

also preserved the exact prompt and unedited response. Each JSONL entry also stored the293

observable metadata and completion status, allowing every artefact to be traced to the call294

that produced it.295
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Source S8 was “Rina lent her notes to Omar because he had missed the lecture.” In296

the primary GPT-4.1 condition, the source was paired with the following instructions. The297

structured instruction requested a PENMAN3 meaning graph informed by Abstract Meaning298

Representation (AMR)4 and Uniform Meaning Representation (UMR).5 PENMAN supplied299

the textual format used in the experiment.300

Paraphrase prompt. Paraphrase the source sentence in one sentence. Do not add facts.301

Do not omit any named agents or targets. Preserve attribution (said, claimed, alleged,302

denied, noted), uncertainty, modality, and negation exactly. Return only the paraphrase.303

Do not use headings. Do not wrap your answer in code fences.304

Structured-audit prompt. Produce a PENMAN meaning graph for the source sen-305

tence (AMR/UMR style). Represent attribution (allege, say, deny, note), modal-306

ity/counterfactuality, negation scope, and reference explicitly when present. Keep agents307

explicit. Return only the PENMAN graph. Do not use headings. Do not wrap your308

answer in code fences.309

Interpretive-memo prompt. Write a 120-word interpretive memo about agency and310

stance. Every claim must cite an exact phrase from the source sentence in straight311

double quotes like “this.” If a claim is not directly licensed by the text, label it as312

INFERENCE. Return only the memo. Do not use headings.313

Both paraphrase runs produced the same response:314

“Rina gave her notes to Omar since he had not attended the lecture.”315

The repeated wording concealed a source-level change because lend preserves a temporary316

transfer and continued ownership, whereas give can imply a permanent transfer. The317

structured output supplied a separate record of the source relation. Its relevant content can318

be rendered without specialized notation:319
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event = lend

actor = Rina

resource = notes

owner = Rina

recipient = Omar

reason = Omar missed the lecture

The simplified rendering is not presented as a reference AMR or UMR annotation. It320

restates the relation encoded in the candidate graph, and another project could use a table321

or annotation record for the same purpose. The memo output moved farther from the source322

by describing Rina’s “motivation to help Omar” and her stance as “supportive or helpful.”323

The latter description was labelled as inference.324

The primary artefact set was generated on 6 February 2026 with the system labelled325

ChatGPT GPT-4.1 in the study logs. A later workflow sensitivity condition used ChatGPT326

GPT-5.5 on 4 May 2026.6 Each condition produced 72 artefacts. The later condition was327

included to show how dated records remain interpretable as a hosted workflow changes, not328

to compare model performance. Temperature was set to 0.0, while top-p remained at 1.0.7329

The primary collection began with ten sources. When the two metonymy items330

were added, the paraphrase and graph instructions were expanded to address reference and331

metonymy. The later GPT-5.5 condition used the resulting twelve-source protocol throughout.332

Cross-condition differences consequently reflect changes in both the hosted model and part of333

the prompting procedure rather than an isolated model effect. Every response was preserved334

without correction, including one graph-shaped artefact that could not be parsed.335

4.3 Record 3 in practice: structured audit and human review336

Once Record 2 had archived the unedited outputs, Record 3 compared and reviewed them.337

The source identifier and model label established each comparison pair, while the run number338

kept the two responses distinct. The comparison asked which source relation remained visible339

across repeated generation and where divergence warranted renewed inspection.340
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A script first checked whether each graph-shaped output could be read as a structured341

representation. An unreadable response remained in the archive as a generation failure rather342

than disappearing from the analysis.8 For readable pairs, normalisation reduced the influence343

of variable names and formatting. Smatch then supplied an F1 score for structural overlap344

between the two runs (Cai and Knight, 2013).9345

Structural overlap served as a routing device rather than a judgement of accuracy.346

Two similar representations may repeat the same source error, whereas two defensible347

representations may use different structures. A low score identifies a pair that deserves348

inspection, while a high score shows only that the candidate records resemble one another.349

The source remains the standard against which either representation must be reviewed.350

For S8, both graph outputs retained lending as the central event. They linked Rina to351

the notes and Omar to the recipient role. One run added temporal detail, but the relation352

selected for audit remained recoverable. Linking the graphs to the paraphrases identified353

where both prose runs departed from the source, although structural comparison alone could354

not determine whether the substitution affected an analytical claim.355

Human review addressed that question. The human-participant component of the356

study was conducted entirely in the United States. Eight undergraduate students evaluated357

the GPT-4.1 prose for all twelve sources, yielding 96 source-level judgements.10 For each358

source, readers first compared the original sentence with two paraphrases and then evaluated359

two interpretive memos.360

Paraphrase questions concerned fidelity and pairwise difference. Memo questions361

separated quotation compliance from interpretive support before asking whether the two362

memos differed in their readings. Two missing responses remained missing rather than being363

imputed. Each judgement retained the source identifier and an anonymised reader code.364

Readers did not evaluate graph notation because formal annotation expertise was outside the365

purpose of the survey.366

Because both graph and prose were model-generated, the structured record did not367
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provide independent validation. Its role was to externalise a selected relation so that readers368

could return to the source. Human judgements then addressed whether the prose could369

support an analytical claim, and the two forms of evidence remained separate.370

4.4 Record 4 in practice: archived analysis and reanalysis371

Record 4 preserved the linked artefacts before any summary was calculated. The merged372

generation file stored one JSON object for every model response.11 Each object joined the373

source identifier and generation condition to the stored prompt and unedited output.374

The analysis scripts used archived identifiers rather than fresh model calls. Across375

the two workflow conditions, the study crossed twelve sources with three tasks and two runs,376

producing 144 generation records. The same identifiers formed 24 within-condition graph377

pairs. De-identified reader responses were joined to the primary prose artefacts through378

the source identifier and an anonymous reader code, allowing the reported summaries to be379

regenerated from fixed files.380

The archive also preserved the development of the procedure. Exact instructions show381

which prompt version produced each artefact, allowing another analyst to reconstruct the382

workflow without treating the GPT-5.5 condition as a model-performance comparison.383

The memo records support another form of reanalysis. For the allegation source,384

both GPT-4.1 memos quoted the allegation and denial but moved beyond the source when385

describing exposure or self-protection. A later study could recode the same outputs under a386

stricter distinction between source-licensed analysis and speculation without repeating the387

generation.388

Record 4 consequently preserves more than a collection of files. It maintains the links389

between source evidence and the decisions based on generated artefacts. Technical verification390

can reproduce reported counts, while evidential reanalysis can revisit how an output acquired391

analytical significance.392
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4.5 A complete source-to-claim trace393

Table 4 follows source S8 from the relation selected for audit to the review decision and394

archived analysis.395

Table 4. The complete source-to-claim trace for source S8

Record Archived evidence Methodological function

Research frame
and source

Source identifier S8_reference_he_because; source
text: “Rina lent her notes to Omar because he had
missed the lecture.” The audit focus concerned the
transfer event and participant links.

Establishes that the output
should preserve lending, Rina’s
relation to the notes, and
Omar’s role as recipient.

Model interaction
and raw output

The complete paraphrase prompt was stored with two
dated GPT-4.1 responses. Both runs produced: “Rina
gave her notes to Omar since he had not attended the
lecture.” The graph and memo outputs retained their
task and run identifiers.

Records what the model
produced and shows that
repeated generation introduced
the same lexical substitution.

Structured audit
and human review

Both candidate structures retained lend-01, including
Rina’s relation to the notes and Omar’s recipient role.
Readers identified distortion in 62.5% of the
paraphrase ratings, and 50% classified the change as
substantial.

Identifies the difference between
lend and give, then records
whether readers regarded the
change as analytically
important.

Archived analysis
and reanalysis

All linked artefacts and de-identified ratings retained
the source identifier. Scripts regenerated the
item-level summary from fixed files.

Allows another analyst to
inspect or recode the finding
without requesting a new model
response.

The trace shows why agreement across repeated outputs cannot serve as a proxy for396

fidelity. Both paraphrases used the same wording, but their agreement concealed a departure397

from the source. The paired structures retained lending as the transfer event, while human398

review addressed whether replacing lent with gave affected the potential use of the paraphrase.399

The memo branch exposed a different movement from source to claim. One output400

characterized Rina as “helpful or considerate,” while the other described her “motivation to401

help Omar” before labeling the broader characterization as inference. Because the archive402

preserves both branches, another analyst can revisit the transfer distinction or apply a403

different coding rule without altering the dated artefacts.404

19



4.6 What the linked records revealed405

The linked records exposed different weaknesses across the workflow, while the sarcasm406

items showed where structured audit reached its limit. Table 5 summarizes the principal407

illustrations.408

Table 5. Representative findings from the linked records

Source or comparison Observed pattern Methodological implication

“Rina lent her notes to
Omar”

Both primary-model paraphrase
runs replaced lent with gave.

Agreement across runs concealed a
shared source-level shift.

Allegation and tariffs
sources

Memos quoted the source but
introduced different claims about
motive or policy stance.

Quotation compliance did not
establish interpretive support.

Run-to-run graph pairs
by workflow condition

Mean structural overlap was 0.84
in both conditions, although
item-level overlap shifted.

Aggregate summaries obscured
which items required renewed
inspection.

Sarcasm sources The graph records preserved the
utterance and its incongruous
context, while some also encoded a
sarcasm label.

A structured label could expose an
interpretation but could not
validate pragmatic force without
human review.

Paraphrases appeared relatively stable overall. Among 191 valid source-faithfulness409

ratings, 142 judged the paraphrase equivalent to the source, while 49 identified some distortion.410

Readers chose a tie in 90 of 96 preference comparisons, and only eight responses identified a411

meaning difference between the two runs. The lending trace shows why the aggregate pattern412

remains incomplete, since agreement concealed the same departure from the source.413

Interpretive memos exposed another weakness. Readers found the required quotation414

in 191 of 192 judgements, yet they marked added interpretation in 125. Among 191 support415

ratings, 55 placed the memo in the mixed or unsupported range. The allegation example416

moved into different claims about exposure or self-protection, while the Washington tariffs417

item produced disagreement about the stance implied by the policy.418

The later workflow sensitivity condition illustrated the value of item-level records. Ten419
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of twelve graph pairs in the primary condition differed after normalisation. The later condition420

contained one unparseable pair, leaving eleven pairs for within-condition comparison. Mean421

run-to-run F1 was 0.84 in both archived workflows, even though item-level overlap differed.422

The identical averages are descriptive rather than evidence of model equivalence because the423

second condition was not designed to assess model performance and the prompt history also424

changed.425

The sarcasm sources established a boundary for structured audit. A graph could426

preserve the utterance and the context in which a late bus was described as “Right on time.”427

Some generated structures also inserted a sarcasm label, but the label already embodied an428

interpretation. Human review remained primary once the analytical question depended on429

pragmatic force.430

In sum, the records form a sequence in which Record 1 defines the evidential boundary431

and Record 2 preserves generation. Record 3 documents evaluation, while Record 4 keeps432

the complete path available for verification or reinterpretation.433

5 Methodological advantages and limits for interpretive research434

5.1 Beyond disclosure and conventional audit trails435

The comparison in Table 1 shows why disclosure alone is insufficient when generated material436

enters an analysis. Naming the AI system or describing its role cannot reveal which source437

produced a particular output, nor can it show how the output was evaluated.438

Source-to-claim documentation connects the functions usually divided between qualit-439

ative audit trails and computational logs. A reviewer can move from an analytical claim to the440

reviewed artefact, then recover the raw output and source without being asked to reproduce441

the same interpretation. JARS-Qual likewise requires enough context and procedural detail442

for a study to be evaluated (Levitt et al., 2018). The proposed framework extends that443
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principle to the artefact level, where the evidential path of a particular generated object444

remains inspectable.445

5.2 Structured checkpoints as technological reflexivity446

The optional structured checkpoint provides the framework’s most specific extension of447

existing audit trails. Prompt records explain how an artefact was generated, but they do not448

identify which source relation changed. A compact representation can expose a transformation449

before fluent prose absorbs it, allowing review to focus on the relation that supports the450

claim.451

The checkpoint does not supply independent validation because the same model may452

generate both prose and structure. Instead, it externalises a selected relation in a form that453

directs attention back to the source. Candidate records should remain provisional, while454

structural overlap stays separate from semantic adequacy. A simpler audit object should455

replace graph notation whenever it performs the same diagnostic function.456

5.3 Feasibility through proportional adoption457

A strong practical objection is that source-to-claim documentation could turn interpretive458

research into a second documentation project. The study does not establish cost-effectiveness459

because it did not record labour time or training demands. It does show how review can460

operate at different scopes. Every generated artefact received the basic source and interaction461

record, whereas structured comparison and reader review were applied more selectively.462

Documentation should grow with a claim’s reliance on LLM output. Table 6 distin-463

guishes three levels.464
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Table 6. Proportional documentation levels

Level Suitable use Minimum record

Exploratory Private notes or classroom
activity.

Source and prompt, followed by a
dated output.

Published claim Generated material that supports
a report or article.

Exploratory record plus selected
reruns and review decisions.

Reusable resource A dataset or collaborative research
object.

Published record plus version
history and persistent archive.

A short decision pathway translates the proportional principle into practice, as illus-465

trated in Table 7.466

Table 7. Decision pathway for proportional documentation

Decision Action

Does generated material influence
an analytical claim?

If no, ordinary project notes are sufficient. If yes,
preserve the source together with the dated interaction.

Can direct comparison with the
source resolve the issue?

If yes, record the review decision and stop. If no, add a
structured checkpoint.

Does the checkpoint clarify or
change the decision?

If no, further documentation adds little value. If yes,
retain the checkpoint with the review rationale.

Will the artefact support
publication or later reuse?

If yes, add version history and a persistent archive. If
no, retain the project-level record.

The pathway stops escalation when direct source comparison resolves the issue or467

when another record no longer clarifies the analytical decision. Structured review is reserved468

for cases in which a relation supporting the claim remains uncertain.469

The practical claim remains limited. Selective scaling is possible, but the net cost has470

not been established. A future feasibility study should compare basic logging with structured471

review and measure both labour and changes in analytical decisions.472
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5.4 Practical and ethical limits473

The diagnostic study is small. Constructed sentences cannot reproduce the density or context474

of an interview collection, while eight readers do not represent a research community. Their475

judgements illustrate how disagreement can be preserved, but broader claims require another476

design.477

Formal comparison carries a related risk because generated graphs can repeat a shared478

error, while defensible representations may differ in form. Human review must remain479

anchored in the source (Messner et al., 2025). Access can also be constrained when source480

licences or participant consent restrict redistribution. In other words, the archive should481

record access conditions and use de-identification or access controls where needed (Autio et482

al., 2024).483

The framework is most directly suited to textual interpretation. Note that it would484

need adaptation for visual or multimodal research, where recent methods centre iterative485

generation and researcher agency (Phan and Le, 2026; Lai and Wu, 2026).486

6 Conclusion487

Hosted LLMs weaken any simple link between trustworthiness and identical output, since later488

calls may differ while repeated prose preserves the same source distortion. Source-to-claim489

documentation responds by linking the research frame and model interaction to review and490

reanalysis.491

The diagnostic demonstration showed why the links must remain visible. Stable492

paraphrases can drift, while quotation-compliant memos can exceed their evidence. Average493

graph overlap can also conceal movement among items. Structured audit identifies a relation494

that warrants inspection, whereas human judgement determines whether the change affects495

interpretation.496
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Humanities and social research should preserve generative mediation wherever it can497

alter a claim. Exploratory work may need only a light record, while publication or reuse calls498

for stronger documentation because auditability depends on recoverable evidence rather than499

identical regeneration.500

AI use declaration501

OpenAI models generated the research artefacts described in the diagnostic experiment.502

During manuscript preparation, ChatGPT provided local language suggestions and assisted503

with Python debugging. The logged ancillary use involved GPT-5.3 Instant and GPT-5.4504

Thinking, followed by GPT-5.5 after its release. The authors reviewed every proposed change505

and remain responsible for the manuscript and analysis.506
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Endnotes615

616

1Methodological reflexivity refers here to the deliberate examination of how research design and analytical617

decisions shape the resulting account. Technological reflexivity narrows that examination to the influence of618

digital tools and environments on those decisions and outcomes.619

2A model manifest is a compact account of the model as it was available to the researcher. It records the620

public identifier and access date, along with the interface and observable generation controls.621

3PENMAN is a parenthesized plain-text notation for storing and exchanging semantic graphs (Goodman,622

2020).623

4AMR is a rooted, directed graph for representing sentence-level concepts and their labelled relations624

(Banarescu et al., 2013).625

5UMR extends graph-based meaning representation beyond the sentence by adding cross-sentence reference626

and other document-level relations (Van Gysel et al., 2021).627

6Both conditions were run through OpenAI API calls rather than through the ChatGPT web interface.628

The model identifiers and access dates are those recorded in the API logs. Because the models were hosted629

by the provider, the identifiers do not denote locally preserved or immutable model snapshots.630

7Temperature and top-p are sampling controls used by many text-generation systems. Temperature 0631

reduces random variation, while top-p 1.0 leaves the full probability mass available. Neither setting guarantees632

identical outputs in a hosted service.633

8A structured output is parseable when software can recover its concepts and labelled relations from the634

textual representation.635

9Smatch aligns the concepts and labelled relations in two AMR-style graphs. It combines precision and636

recall into an F1 score between 0 and 1. The score describes structural overlap here and does not establish637

semantic correctness.638

10The students at [institution] volunteered to participate. They served as nonexpert readers because639

the survey examined whether semantic drift and interpretive overreach could be recognised without graph-640

annotation training. The sample was diagnostic rather than representative, so claims about expert or641

disciplinary consensus would require a larger purposive panel.642

11JSON Lines, often abbreviated JSONL, is a plain-text format in which each line contains one complete643

JSON record.644
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Ethical approval645

The human-participant component of this study was conducted in the United States. It was646

reviewed by the institutional review board responsible for the study [committee name and647

protocol number redacted for double-anonymized review; full details are provided in the cover648

letter] and was determined to be exempt from further IRB review on March 23, 2026. The649

exemption applied to a minimal-risk reader-judgment survey in which participants evaluated650

constructed textual materials and model-generated responses. The approving body was651

located in the United States, the same country in which the human-participant research was652

conducted. No human-participant research was conducted in another country, so additional653

local approval in multiple countries was not applicable. All procedures were conducted in654

accordance with applicable institutional requirements and the applicable provisions of the655

Federal Policy for the Protection of Human Subjects (45 CFR Part 46, Subpart A).656

Informed consent657

Informed consent was obtained from all participants prior to their participation in the study.658
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