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Abstract

Large language models now draft, edit and review scholarly manuscripts, but they are usually
prompted with generic advice rather than with the measured conventions of a discipline. This paper
asks whether abstract, domain-specific writing conventions extracted from a pre-ChatGPT corpus of
finance research improve LLM-assisted scholarly writing and review beyond strong prompting and
conventional retrieval, while preserving originality and factual fidelity. We assemble 276 Journal of

Finance articles (volumes 72–75, 2017–2020), parse them into sections, equations, tables, figures
and references with a layout-aware extractor, annotate every document with a schema-validated
rhetorical ontology (abstract and introduction moves, contribution placement, identification framing,
robustness and table conventions), and turn the 221-document train split into measured writing
profiles with bootstrap uncertainty. The profiles and 9,642 provenance-bearing structural units
feed JoF-250, a writing, review and audit engine integrated into Claude Code through ten slash
commands and seven specialist agents. A preregistered experiment on held-out articles compares
five conditions, from a bare prompt to the full engine, with a blind LLM judge and deterministic
fidelity audits. Measured profiles and structured rhetorical retrieval do not, by themselves, improve
judge-rated clarity, argument logic or contribution positioning over a strong prompt (H1, H2 not
supported). The full engine’s verification-and-referee stage does: methodological rigor rises by
+0.96 points and fidelity by +0.46 points on a seven-point scale (Holm-adjusted p = 0.009 and
p= 0.024), unsupported-claim sentences become rarer, and ablations locate the gain in the specialist-
referee pass rather than in retrieval or profiles; the same pass makes the text more cautious, and the
judge rates it slightly less useful (-0.33 points, not significant) at twice the cost and latency. Outputs
share at most 0.007 of their eight-grams with any corpus document other than the task’s own source.
The study is a pilot (two held-out documents, eight tasks, one out-of-domain manuscript) and relies
on an LLM judge; we report its limits, release the pipeline, and argue that in LLM-assisted scholarly
writing the binding constraint is verification, not style.

Keywords: scientific writing, rhetorical moves, large language models, retrieval-augmented genera-
tion, research integrity, Journal of Finance, Claude Code

JEL Classification: A14, C88, G00, O33



1. Introduction

Scholarly writing in economics and finance follows conventions that are rarely written down. An
introduction in a leading finance journal typically opens with a motivation, states a tension or a gap,
previews the approach and the magnitude of the findings, places the contribution against a small
set of neighbouring papers and closes with a roadmap; an abstract compresses the same arc into
five sentences; results sections separate economic from statistical significance; conclusions bound
their claims. Authors learn these conventions by reading, by being refereed and by imitation. Large
language models (LLMs) learn them, if at all, by having read the same literature during pretraining,
and are then prompted with generic advice (“write clearly, state the contribution”) whose relation to
the practice of a given field is unknown.

This paper asks a narrow question about that gap. If one measures the conventions of a field from
a corpus written before conversational LLMs were widely available, and gives those measurements,
together with provenance-bearing structural exemplars, to an LLM-based writing assistant, does the
assistant write and review better than it does under a strong generic prompt or under conventional
retrieval of similar text? And does it do so without copying the corpus or inventing facts? The
question matters for two reasons. First, LLM assistance in academic writing has become common
and is increasingly visible in published text (Liang et al., 2024a; Kobak et al., 2025); what such
assistants are steered by deserves to be an object of study rather than an unexamined default. Second,
retrieval-augmented generation is routinely proposed as the remedy for generic or hallucinated
output (Lewis et al., 2020; Gao et al., 2023b), yet in scholarly writing the thing to retrieve is unclear:
raw sentences from other papers invite overlap and style imitation, whereas what an author needs is
the structure of a good argument and the discipline’s conventions for presenting evidence.

We make three contributions. The first is a corpus-derived measurement of writing conventions.
We assemble 276 research documents from The Journal of Finance, volumes 72–75 (2017–2020), all
published before the public release of ChatGPT, verify every record against Crossref, and parse each
PDF into sections, paragraphs, numbered equations, tables, figures, footnotes and references with a
layout-aware extractor whose accuracy we report against an independent extraction (Section 4). We
then annotate every document with a twelve-part rhetorical ontology—abstract moves, introduction
moves and their order, contribution placement and type, identification framing and the strength of
causal language, results presentation, robustness location, table and figure conventions, conclusion
bounding, hedging and claim–evidence links—using a schema-validated LLM annotator with
deterministic cross-checks (Section 4). From the 221-document train split we compute measured
writing profiles: medians, interquartile ranges and bootstrap intervals for the structure and rhetoric
of empirical, theoretical and subfield-specific articles (Section 5). Among the measurements: 100%
of empirical abstracts state results and 29% a magnitude; 90% of empirical introductions open
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with a motivation move; the contribution paragraph sits at a median relative position of 0.62 in the
introduction; 65% of introductions end with a roadmap; the median causal-language strength is 3.0
on a five-point scale, against 1.0 for theory papers. We stress throughout that these are descriptions
of practice, not editorial rules.

The second contribution is a usable system. JoF-250 is a local-first writing, review and audit
engine: a hybrid retrieval index over 9,642 structural units (document summaries, identification
summaries, move-tagged introduction paragraphs, claim–evidence links and short excerpts, each
with document, page and section provenance); a manuscript loader for LaTeX and Markdown
projects; a generation pipeline that detects genre and subfield, selects a profile, retrieves rhetorical
patterns, drafts, runs deterministic audits (numeric preservation, citation keys and DOI resolution,
unsupported-claim detection, eight-gram overlap with the corpus) and passes the draft through a
specialist-referee revision; and five reviewer roles. The engine is integrated into Claude Code, a
terminal coding agent, as ten slash commands, seven specialist agents and one skill, so that it can be
invoked on any manuscript, including this one and the author’s other working papers. It never edits
a manuscript: every output is a proposal with a change log, flags for the author, provenance and a
diff (Section 5).

The third contribution is a preregistered evaluation of the system against its alternatives (Sec-
tion 6). Before any run, we froze five conditions—A, a bare prompt; B, a strong academic-writing
prompt; C, B plus conventional retrieval of similar excerpts; D, B plus measured profiles and
structured rhetorical retrieval; E, D plus deterministic verification and a specialist-referee pass—
four ablations of E, eight writing and reviewing tasks, two held-out finance articles never used for
profile construction, one out-of-domain manuscript, a blind LLM judge with a calibrated rubric,
and an analysis plan with cluster-bootstrap intervals and Holm correction. The results (Section 7)
are mixed in an instructive way. Profiles and structured retrieval alone do not move the judge’s
ratings of clarity, argument logic or contribution positioning relative to the strong prompt (H1) or to
conventional retrieval (H2); the paired differences are small and their intervals include zero. The full
engine does move them: relative to D, methodological rigor increases by +0.96 points (95% interval
[0.44, 1.47]) and fidelity by +0.46 points ([0.03, 0.69]) on a seven-point scale, both surviving Holm
correction (H3). The ablations (Section 8) attribute almost all of this to the specialist-referee pass:
removing it costs +1.25 points of rigor, whereas removing retrieval, profiles or the deterministic
fact-check changes little. The gain has a price: the referee pass makes the text more hedged, the
judge rates E’s output as slightly less useful than D’s (-0.33 points, interval including zero), and E
uses two generation calls, roughly twice the cost and latency. Sentences flagged as unsupported
claims are rarer under E than under conventional retrieval, no condition produced a citation that
could not be matched to the reference list, and generated text shares at most 0.007 of its eight-grams
with any corpus document other than the task’s own source (H4 in part, H5). On the out-of-domain
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manuscript the finance profiles do not help, as expected.
We read these findings as evidence about where the leverage lies in LLM-assisted scholarly

writing. Telling a capable model what a field’s introductions look like, or showing it structurally
annotated exemplars, adds little that a strong prompt does not already elicit; the model appears to
know the genre. Making the model check its draft against the manuscript’s evidence and against
a referee’s standards adds a great deal in the dimensions that matter for research integrity—rigor
and fidelity—at roughly twice the cost and latency and with a small loss in the judge’s rating of
immediate usefulness, because a checked draft says less. The profiles retain a different value: they
are inspectable, provenance-bearing descriptions of practice that a human author or editor can
consult, and they define what the referee pass is asked to enforce.

The study has clear limits, stated in Section 10. It is a pilot: two held-out finance documents,
eight tasks, one to two repetitions, one out-of-domain manuscript; and its first run had to be discarded
and repeated after two implementation defects were found during the write-up (Amendment A-004),
which we document as part of the failure analysis. All quality ratings come from an LLM judge,
whose self-consistency we measure but whose biases we cannot remove; the human-rating protocol
is prepared but was not run. The generator and the judge may have seen the held-out articles in
pretraining. The profiles describe one journal over four volumes. We therefore make no claim that
the engine produces better papers than people do, nor that the Journal of Finance’s practice is a
standard to be imposed; we claim only what the preregistered contrasts support, and we release the
pipeline so that the measurement can be repeated on other corpora and the evaluation extended with
human raters.

The paper proceeds as follows. Section 2 reviews genre analysis, writing conventions in
economics and finance, retrieval-augmented generation, LLM-assisted writing and review, and
the evaluation of LLM research tools. Section 3 describes the corpus, inclusion rules and rights.
Section 4 presents the extraction pipeline and the annotation ontology. Section 5 describes JoF-250
and its Claude Code integration. Section 6 states the preregistered design. Sections 7–9 report
results, ablations and a failure analysis. Section 10 discusses generalization, integrity and limitations;
Section 11 concludes. Appendices give the ontology, prompts, parser audit, profiles, protocols and
user manual.

2. Related literature

This paper sits at the intersection of four literatures: the linguistic study of scientific genres,
the empirical study of writing conventions and readability in economics and finance, retrieval-
augmented and agentic uses of large language models (LLMs) in scholarly writing and review, and
the evaluation of LLM-based research tools under contamination and reproducibility constraints.
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We review each in turn and then state what JoF-250 adds.

2.1. Genre analysis and rhetorical moves in scientific writing

The notion that research articles follow a learnable rhetorical structure originates in genre analysis.
Swales (1990) describes the research article as a genre whose introductions “create a research
space” (CARS) through a small number of recurring moves: establishing a territory, establishing
a niche, and occupying the niche; Swales (2004) later revisits the model and extends it to other
research genres. The CARS framework has since been operationalised as move analysis, in which
trained coders segment a text into functional units and record their frequency, order and linguistic
realisation. Samraj (2002) shows that move structure varies even between neighbouring subfields
and that the original model requires elaboration to capture, among other things, how centrality
claims and niche establishment are intertwined. Kanoksilapatham (2005) extends the method
beyond introductions by proposing a fifteen-move description of entire biochemistry articles, and
Lin and Evans (2012), in a cross-disciplinary sample of empirical articles, document that the
canonical introduction–methods–results–discussion template is only one of several macro-structures
actually in use. Two lessons follow for our purposes. First, rhetorical conventions are discipline-
and even subfield-specific, which argues against importing a generic template into finance. Second,
conventions are measurable: once an ontology of moves is fixed, their distribution can be estimated
on a corpus rather than asserted.

A parallel strand studies how authors modulate commitment and guide readers. Hyland (1996,
1998) analyses hedging in science research articles as a pragmatic resource for calibrating claims
and anticipating objection, and Hyland and Tse (2004) reappraise metadiscourse—the text about
the text through which writers organise arguments and engage readers. Hyland and Jiang (2017)
trace changes in informality markers across four disciplines over fifty years and find that the trends
differ by field. These studies motivate the hedging, transition and claim–evidence dimensions of
our annotation schema. Computational linguistics has long tried to automate such analyses. Teufel
and Moens (2002) introduced argumentative zoning, assigning a rhetorical status (background, own
contribution, contrast, and so on) to sentences of scientific articles, and Cohan et al. (2019) show that
pretrained language models classify the rhetorical role of consecutive sentences in abstracts with
high accuracy. Large open corpora of structured full text (Lo et al., 2020) and dedicated extraction
tools such as GROBID (Lopez, 2009) made document-level analysis practical, although finance
articles—heavy in tables, footnotes and equations—remain a demanding parsing target.

Within economics, writing guidance has mostly taken the form of essays by senior scholars
rather than corpus studies. McCloskey (1985) offers rules of economical writing in Economic

Inquiry, and Thomson (1999) gives a detailed guide to writing economic theory in the Journal of

Economic Literature. Such guidance is valuable but prescriptive: it reflects experience and taste, not
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measured practice in a specific journal. Our profiles are intended to complement it with descriptive
estimates, while remaining explicit that observed frequency is not evidence of editorial superiority.

2.2. Writing conventions and readability in economics and finance

Finance has an unusually developed empirical literature on writing, albeit mostly about corporate
disclosures rather than research articles. Li (2008) measures the readability of annual reports with
the Fog index and document length and relates it to current earnings and earnings persistence.
Loughran and McDonald (2011) show that general-purpose sentiment dictionaries misclassify a
large share of financial vocabulary and build finance-specific word lists; Loughran and McDonald
(2014) argue that the Fog index is poorly specified for 10-Ks and propose file size as a simpler
readability proxy. Loughran and McDonald (2016) survey textual analysis in accounting and
finance, and Gentzkow et al. (2019) review text-as-data methods across economics. These papers
are relevant to JoF-250 in two ways: they establish that domain-specific lexicons and measurement
choices matter for financial text, and they furnish deterministic measures (lengths, lexical features,
formula-based readability) that can be computed on research articles as well as on filings.

A smaller literature treats the economics research article itself as an object of measurement.
Card and DellaVigna (2013) document, among nine trends in the top-five economics journals since
1970, that published papers have become roughly three times longer and have more coauthors, and
Card and DellaVigna (2014) study how two journals’ page limits changed submission length and
composition. Hengel (2022) applies readability scores to abstracts in top economics journals and
finds that female-authored papers are better written and that the gap widens during peer review,
evidence that writing standards are enforced in review. Dowling et al. (2018) ask whether more
readable finance articles attract more citations. Outside economics, Plavén-Sigray et al. (2017)
find a steady decline in the readability of scientific abstracts across more than 700,000 abstracts
since 1881, and Hartley (2014) summarises research on structured abstracts, which tend to be
more informative than unstructured ones. Taken together, this work shows that section lengths,
abstract organisation and readability are measurable properties of research articles that vary across
journals and over time, but no study we are aware of estimates the distribution of rhetorical

conventions—contribution placement, identification framing, robustness presentation—for a finance
journal. More recently, Korinek (2023) catalogues use cases of generative AI across the research
workflow, including writing and editing, and anticipates that economists will increasingly rely on
such tools; this motivates asking what conventions those tools should be calibrated to.
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2.3. Retrieval-augmented generation and LLM-assisted writing and review

Retrieval-augmented generation (RAG) combines a parametric language model with a non-parametric
memory accessed through a retriever. Lewis et al. (2020) introduce the canonical formulation for
knowledge-intensive tasks, Guu et al. (2020) integrate retrieval into pre-training, and Karpukhin
et al. (2020) show that dense passage retrieval learned from question–passage pairs outperforms
sparse baselines in open-domain question answering. Gao et al. (2023b) survey the subsequent pro-
liferation of “naive”, “advanced” and “modular” RAG designs. Virtually all of this work retrieves
content—passages whose facts are to be reproduced. The JoF-250 engine retrieves something
different: structural annotations and summaries that describe how an argument is organised, with
excerpts limited to what is necessary and every result linked to provenance. Condition C in our
experiment is a conventional content-RAG baseline precisely so that this distinction can be tested
rather than assumed.

LLMs are already used for scholarly writing and review at scale. Liang et al. (2024a) estimate,
with a population-level statistical framework applied to almost a million papers, a sharp rise in
LLM-modified text after late 2022, and Kobak et al. (2025) use excess-vocabulary analysis of
PubMed abstracts to infer that a substantial fraction of 2024 biomedical abstracts were processed
with LLMs. Liang et al. (2024c) apply the same framework to peer reviews at AI conferences, and
Latona et al. (2024) report, in a quasi-experimental study of ICLR 2024, that AI-assisted reviews
are associated with higher scores. Else (2023) and Gao et al. (2023a) show that blinded reviewers
identify only part of the ChatGPT-generated abstracts shown to them, and Van Noorden and Perkel
(2023) report mixed expectations among 1,600 surveyed researchers. On the usefulness side, Liang
et al. (2024b) find in a large-scale analysis that GPT-4 feedback on manuscripts overlaps with human
reviewer comments and is judged helpful by many authors, whereas Du et al. (2024) show that
LLM-generated reviews of NLP papers are often deficient in ways experts readily spot. Thelwall
(2024) finds that single ChatGPT research-quality scores correlate only weakly with an expert’s own
ratings, with averaging over repeated runs improving agreement, and Hosseini and Horbach (2023)
discuss the integrity risks of LLM-assisted peer review. Si et al. (2024) run a controlled comparison
of LLM and expert research ideas, a reminder that evaluating LLM research assistance requires
blinding and controls. Shumailov et al. (2024) show that training recursively on model-generated
text degrades models, one argument for anchoring writing tools in human-written, pre-LLM text.

Because our primary outcome is scored by an LLM judge, the literature on LLM-as-a-judge
bears directly on our design. Zheng et al. (2023) document position, verbosity and self-enhancement
biases and show that strong judges can nevertheless agree with human preferences at human-level
rates on their benchmarks. Wang et al. (2024) show that the ordering of candidates can flip pairwise
judgments, and Panickssery et al. (2024) link self-preference to a model’s ability to recognise its
own output. We therefore randomise presentation, blind the judge to condition, and treat judge
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scores as a supplement to deterministic fidelity metrics and to human ratings where available.

2.4. Evaluation, contamination and reproducibility of LLM-based research tools

Any experiment in which a foundation model is evaluated on published articles must confront the
possibility that those articles were in its training data. Magar and Schwartz (2022) distinguish mem-
orisation from exploitation of contaminated data, Sainz et al. (2023) argue that contamination must
be measured benchmark by benchmark, and Golchin and Surdeanu (2024) and Deng et al. (2024)
propose completion-based probes for detecting it. Carlini et al. (2023) quantify how memorisation
grows with model size, duplication and prompt length, and Lee et al. (2022) show that dedupli-
cating training data reduces verbatim regurgitation. These findings motivate our contamination
statement, the withholding of the published introduction from research briefs, and the overlap audit
between generated text and the corpus. More broadly, Kapoor and Narayanan (2023) document
leakage as a pervasive source of irreproducibility in machine-learning-based science and propose
model information sheets; Bowman and Dahl (2021) discuss what credible benchmarks require;
Dodge et al. (2019) call for reporting budgets and variance rather than best runs; and Pineau et
al. (2021) report on the NeurIPS reproducibility programme and checklist. Nosek et al. (2018)
make the general case for preregistration: specifying hypotheses, outcomes and analyses before
data are collected. Our protocol follows these recommendations by freezing document-level splits,
preregistering hypotheses and primary outcomes, logging tokens, cost, latency and model versions,
and reporting failed runs.

2.5. Positioning of this paper

JoF-250 differs from the work above in four respects. First, its writing conventions are corpus-

derived and measured: rather than prescriptive advice (McCloskey, 1985; Thomson, 1999), we
estimate medians, interquartile ranges and sample sizes for rhetorical moves and structural features
on 276 pre-ChatGPT Journal of Finance articles, using a move ontology in the tradition of Swales
(1990) and Kanoksilapatham (2005). Second, profile construction is separated from evaluation
by frozen, document-level held-out splits, and contamination is acknowledged and probed rather
than ignored (Sainz et al., 2023; Kapoor and Narayanan, 2023). Third, the engine’s retrieval
targets rhetorical structure rather than content, and its outputs are subjected to deterministic fidelity
audits—numerical preservation, citation verification, corpus overlap—so that improvements in
judged quality can be checked against unchanged facts, addressing the known weaknesses of LLM
judges (Zheng et al., 2023; Wang et al., 2024). Fourth, the engine is implemented as a tested
Claude Code extension with a preregistered benchmark, so that the paper studies a system that is
independently usable for future manuscripts.
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3. Corpus, inclusion rules, rights, and descriptive statistics

3.1. Provenance and scope

The reference corpus consists of the research content of The Journal of Finance (Wiley, on behalf of
the American Finance Association), volumes 72 to 75, published between 2017 and 2020. The PDF
files were obtained on 3 November 2026 through the library proxy of the Université du Québec
en Outaouais, under the institution’s subscription and for the research use of a subscribing faculty
member. The download produced one file per table-of-contents entry together with a bibliographic
index (index.csv) listing, for each file, the title, authors, page range, publication date, DOI,
table-of-contents section, year, volume and issue as displayed by the publisher. The original files
are treated as read-only: no PDF is modified, moved, or redistributed, and the derived full-text
structures described in Section 4 are never committed to version control.

Two features of the scope deserve an explicit statement. First, the project is labelled “JoF-250”
because the mandate anticipated roughly 250 articles from 2018–2020; the folder as delivered also
contained volume 72 (2017), and we retained it because the sole substantive criterion of the design
is that every document predates the public release of ChatGPT on 30 November 2022 (amendment
A-002 in docs/PROGRESS.md). The label is therefore a name, not a count; the verified count is
276 included documents. Second, “pre-ChatGPT” does not mean “free of algorithmic writing
assistance”: spelling and grammar tools, and in some cases earlier language models, were available
to authors throughout the period. The corpus is best described as a sample of peer-reviewed finance
writing produced before large language models became a routine drafting tool, not as a sample of
unassisted human prose.

3.2. Inventory and verification procedure

The inventory (jof250 corpus audit; module inventory.py) scans the corpus folder recur-
sively, skipping the download tooling directory, and records for every file its relative path, size,
and SHA-256 digest. Each PDF is then probed with PyMuPDF: a file is considered valid when it
opens, has at least one page, and yields more than 50 characters of text over its first three pages. The
three-page window is deliberate: presidential addresses open with a full-page portrait of the speaker,
and a one-page test would have flagged them as broken. The probe also extracts the document’s
embedded metadata and searches the first three pages for a DOI of the form 10.1111/jofi.nnnnn .
An early version of this search failed on a subset of files because the publisher’s typesetting encodes
the ligature “fi” as the single Unicode code point U+FB01, so that “jofi” did not match a plain
ASCII pattern; all PDF text is now normalised with Unicode NFKC before any pattern matching,
both in the inventory and in the parser.
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The scanned records are joined to index.csv on the relative path, which attaches the publisher’s
bibliographic fields to every file. Every DOI is then verified against the Crossref public API (polite
pool, cached locally so that the verification is reproducible offline). A record is marked crossref_

ok when the request returns status 200, the container title contains “Journal of Finance”, and
the fuzzy similarity between the index title and the Crossref title is at least 85 on a 0–100 scale.
Missing metadata are never inferred: a file without a bibliographic record, or whose in-PDF DOI
disagrees with the index DOI, is routed to a review decision rather than silently included. The
final manifest (corpus_manifest.parquet), the human-readable audit (corpus_audit.md), and
a frozen, hashed list of included documents (corpus_v1_frozen.json) are written together with
an append-only inventory ledger.

3.3. Inclusion and exclusion

The decision rule is applied in a fixed order. A file is excluded if it is not a PDF, is smaller than
20,000 bytes, fails the validity probe, duplicates the content of another file (identical SHA-256), falls
outside the years in scope, or belongs to a table-of-contents section other than Articles, Replications

and Corrigenda, Corrigendum, or the retraction notice section. A final title-based rule excludes
items that the publisher’s table of contents lists under Articles but that are not research articles. One
such case occurred: the participant schedule of the 2021 AFA annual meeting (volume 75, issue 6),
which was mislabelled as an article by the publisher and is excluded with the reason “not a research
article”. The included documents are typed as regular articles, presidential addresses (identified by
their title prefix), replications or corrigenda (by section), and retracted articles (by section). One
retracted article is present; it is retained and flagged rather than removed, since the object of study
is the writing conventions of the published record, not the validity of its findings.

Table 1 reports the outcome. Of 278 files scanned (277 PDFs), 276 are included and 2 excluded
(the index file and the AFA schedule); no exact duplicates and no duplicate DOIs were found, and
no record required manual review. All 276 included records pass the Crossref check. The included
corpus spans 11,735 pages (median 43 pages per document) and 231 MB.

3.4. Document-level split

Before any profile was computed or any prompt was tuned, the included documents were split at
the document level into a training set and a held-out set (data/splits/heldout_v1.json; script
03_make_splits.py, seed 45). Within each (year, article type) stratum, 20% of the documents
were drawn at random into the held-out set, giving 221 training and 55 held-out documents. Profiles
(Section 5.2) are built from the training set only, and the retrieval index records the split of every
unit so that the writing engine can be restricted to training material. Author overlap between the two
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Table 1. Corpus inventory: included documents by publication year and by article type. Source: data/
manifests/corpus_audit.md, generated by jof250 corpus audit.

Year Included Article type Included

2017 (vol. 72) 63 Research article 263
2018 (vol. 73) 65 Presidential address 4
2019 (vol. 74) 74 Replication or corrigendum 8
2020 (vol. 75) 74 Retracted article (flagged) 1

Total 276 Total 276

Notes: files scanned 278 (277 PDFs); excluded 2 (index.csv and the mislabelled AFA 2021 participant
schedule); exact duplicates 0; Crossref-verified included records 276; pages 11,735 (median 43); size 231 MB.

sets is measured and reported rather than eliminated: 20 of the 55 held-out documents share at least
one author surname with a training document. In a single-journal corpus with a dense co-authorship
network, removing every such document would have left too few held-out articles to be useful; we
therefore treat author overlap as a documented limitation of the split rather than a solved problem,
and the preregistration (Section 6) states this explicitly.

3.5. Rights policy and data exposure

The policy is recorded in config/rights.yaml and docs/RIGHTS_AND_ETHICS.md. Three
classes of material are distinguished. Private material comprises the PDFs and the structured
full texts produced by the parser (data/derived/parsed/); it stays on the author’s machine, is
excluded from version control, and is never redistributed or used for fine-tuning. Material sent to

the API for annotation is bounded: for one document and one call, the payload contains the abstract,
the paragraphs of the introduction and of the conclusion, the heading and the first paragraph of
every section, table titles with notes truncated to 350 characters, figure captions truncated to 300
characters, and section-level counts, with a hard cap of 60,000 characters per call enforced by
trimming paragraphs from the middle of the introduction and conclusion. No full article is sent in a
single call, no fine-tuning is performed, and every call is written to a ledger. Committed material
comprises metadata, counts, structural annotations, paraphrased summaries, aggregate profiles,
and the retrieval index, whose textual units are capped at 400 characters so that the index cannot
reconstruct a protected text. The engine is also instructed never to reuse sentences from the corpus,
and every output is screened for eight-word overlap with the corpus (Section 5.5). None of this
amounts to an endorsement by the journal or its publisher; the corpus is used as evidence about
conventions, not as a style authority.
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3.6. Descriptive structural statistics

Table 3 and Figure 1 summarise the structural statistics extracted by the parser of Section 4. Two
sets of numbers are reported. The first column block gives medians over all 276 included documents,
as recorded in the parse summary; the second gives medians with interquartile ranges over the 221
training documents, as recorded in the corpus_all profile, which is the quantity the writing engine
actually consults. The two agree closely, as expected from a stratified random split.

A typical included document has a body of 11009 words (interquartile range 10035–12407),
an introduction of 1804 words in 7 paragraphs, that is a 0.16 share of the body, 8 tables, 4 figures,
10 numbered equations, 52 reference entries, and 37 footnotes; the abstract has 101 words, which
reflects the journal’s abstract length limit, and the main text is divided into 5 roman-numbered
sections. The conclusion is short, a 0.03 share of the body. Minimum values of the distributions
are driven by the corrigenda and the one-page replication notes, which the profiles retain for the
corpus_all aggregate but which are excluded by genre from the rhetoric profiles. We stress, here
and wherever a profile is quoted, that these distributions describe what published articles did in
2017–2020; they are not evidence that any of these choices is editorially superior or required.

Composition by genre and subfield. The annotation stage of Section 4.5 assigns each included
document a genre and a subfield; Table 2 reports the resulting composition over all 276 validly
annotated documents (training and held-out). These labels are produced by a language model under
the controlled vocabularies of Table 4 and should be read with the caveats of Section 4.8; they
are used for stratifying profiles and filtering retrieval, not as a bibliometric classification of the
journal. Theory papers are a sizeable minority (40 purely theoretical and 75 mixed), which is why
the ontology and the engine are explicitly designed not to impose an empirical-paper template.

Table 2. Composition of the annotated corpus by genre and by primary subfield (model annotation, ontology
version 1.0, all 276 validly annotated included documents). Source: data/annotations/annotations_
table.parquet.

Genre n Subfield n

Empirical 142 Asset pricing 93
Mixed theory and empirical 75 Corporate finance 48
Theoretical 40 Financial intermediation and banking 34
Replication or correction 9 Household finance 27
Methodological or econometric 7 Market microstructure 24
Survey or address 3 Behavioural finance 15

Macro-finance 12
Entrepreneurial finance and private equity 11
International finance 8
Financial econometrics 4
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Figure 1. Structural distributions of the training split (221 documents): body words, tables, figures, numbered
equations, reference entries, and introduction share of the body. The vertical line marks the median. Counts
come from the heuristic PyMuPDF parser (Section 4); numbered-equation counts in particular are approximate.
Held-out documents are not shown.

14



Table 3. Descriptive structural statistics of the corpus. Left block: medians over all 276 included documents
(parse_summary.parquet). Right block: median and interquartile range over the 221 training documents
(profiles/corpus_all.yaml, structure block). Bootstrap 95% intervals for the medians (500 resamples,
seed 45) are stored in the profile file. Cells printed as TODO await a macro in numbers.tex.

All included Training split

Statistic Median Median IQR

Pages 43 43 38–47
Body words 10965 11009 10035–12407
Abstract words 101 101 96–104
Numbered sections 5 5 5–6
Introduction words — 1804 1568–2132
Introduction paragraphs — 7 6–9
Introduction share of body — 0.16 0.14–0.19
Conclusion share of body — 0.03 0.02–0.05
Tables 8 8 6–11
Figures 4 4 2–7
Numbered equations 10 10 4–23
Reference entries 52 52 41–64
Footnotes 37 37 29–48

Share with a robustness section — 26
Share with a separate literature section — 17
Share with an in-text appendix — 50
Share referring to an Internet Appendix — 89
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4. Extraction pipeline and annotation ontology

4.1. Parser choice

The mandate asked that installed scientific PDF parsers be evaluated before one was chosen. On the
host used for this study, GROBID (Lopez, 2009) was not installed and the Docker daemon required
to run it was not available, so a server-based parser was ruled out; the core of the system must in
any case run on a single machine without network services. PyMuPDF (version 1.27) and poppler’s
pdftotext were available. We built the structural parser on PyMuPDF, which exposes the font
name, font size, bounding box, and writing direction of every text span, and retained pdftotext

as an independent second extraction for quality control (Section 4.4). The parser is tuned to the
journal’s LaTeX template; it is not a general-purpose scientific parser, and its heuristics would need
to be revisited for another journal.

4.2. Layout heuristics

The parser (parsing.py, version pymupdf-jof-heuristics-1.3) proceeds in two passes over
the text lines of a document. Every line is first normalised (Unicode NFKC, removal of non-printable
characters, unification of the minus sign) and tagged with its dominant span’s font, size, bold and
italic attributes, and whether the font belongs to a mathematical family. Lines in the running head,
the publisher’s download watermark (a very small Times font in the margin), bare page numbers near
the foot of the page, and narrow vertical fragments are discarded. The body font size is estimated as
the modal size of lines set in the template’s roman text font; all subsequent thresholds are expressed
relative to it.

The front-matter pass identifies the title (bold lines at least 2.5 points larger than the body, on the
first three pages), the author block (smaller non-bold lines between the title and the “ABSTRACT”
marker), and the abstract (the small-type lines that follow the marker until body-size text resumes).
The structural pass then walks the remaining lines and applies, in order, the following rules. A
bold body-size line reading “REFERENCES” opens the reference list; a bold line beginning with
“Supporting Information” records the page of the Internet Appendix pointer. Section headings are
bold body-size lines that either begin with a roman numeral followed by a period (“III. Data”)
or are centred on the page; headings beginning with “Appendix” switch the parser to appendix
mode so that appendix words are counted separately. Subsection headings are italic body-size lines
matching the template’s “A. Title” pattern. Table captions are bold small-type lines matching
“Table roman ”, followed by a bold title and small-type notes; landscape tables, whose lines are
rotated by ninety degrees, are collected in a separate pass over rotated lines so that their captions
and notes are not lost, and the “Continued” marker suppresses duplicate captions. Figure captions
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are bold-initial small-type lines matching “Figure n.”; small-type lines located above a figure
caption on the same page are treated as text inside the figure and ignored. Numbered equations
are detected from their tag, a parenthesised number set flush with the right margin on a line in a
mathematical or italic font or containing an operator; the equation text is reconstructed from the
lines in the same vertical band. Footnotes are small-type lines in the lower part of the page, grouped
into one footnote per leading number and per page. Reference entries are split using the hanging
indent of the template: a line starting at the page’s left margin begins a new entry, and each entry is
parsed into an author string, a year, the remainder, and a DOI when present. Finally, body lines are
grouped into paragraphs using the first-line indent, hyphenation across lines is repaired, and in-text
author–year citations are collected with a regular expression.

The output of the parser for one document is a JSON record holding the metadata, the abstract,
the sections with their paragraphs and page numbers, subsections, equations, tables, figures, foot-
notes, references, in-text citations, page markers (references, appendix, supporting information),
and summary counts; it is kept private because it contains the full text.

4.3. Confidence scores

Each parsed document carries a confidence score per component and an overall score. Title and
authors receive 1 when found and 0 otherwise; the abstract receives 1 when its length lies between
400 and 2,500 characters, 0.5 when a shorter or longer abstract was captured, and 0 when none was;
sections receive 1 when at least three roman-numbered headings were found in increasing order, 0.6
when two were found, and 0.2 otherwise; references receive 1 for at least ten entries and 0.5 for
a non-empty list; equations and tables receive 0.9 when at least one was found and 0.7 otherwise.
The overall score is the mean of the component scores. These scores are coarse by design: they
are meant to route documents, not to measure accuracy. Over the included corpus the mean overall
confidence is 0.951, and 3 documents fall below 0.8; these are the corrigenda and one-page notes,
whose layout does not follow the article template and which are excluded by genre from the rhetoric
profiles.

4.4. Parser quality assurance

The mandate called for a manually checked gold-standard sample. No human annotator other
than the author was available in the time frame of this study, and we did not want to present
the author’s own inspection as an independent gold standard. We therefore report an automated

cross-parser agreement check (scripts/02_parser_qa.py, results in data/derived/parser_

qa.md, reproduced per document in Appendix C): the structural counts produced by the PyMuPDF
parser are compared with counts obtained by regular expressions on the layout-preserving output
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of pdftotext, on a stratified sample of 26 documents (five randomly chosen articles per year,
seed 45, plus every document of a non-article type). This is a comparison between two automated
extractions, each with its own failure modes; agreement between them is evidence that the counts
are not artefacts of one tool, but it is not an accuracy figure against human judgement, and we do
not describe it as such.

On this sample, the number of roman-numbered sections agrees exactly for 85% of documents,
the number of tables agrees exactly for 77% and within one for 96%, the number of figures agrees
exactly for 92%, and the number of reference entries agrees within 10% for 92%. The abstract is
found by both tools in 100% of documents. Numbered-equation counts are the weak point: exact
agreement is reached for only 8% of documents and agreement within 10% for 35%, because the
two tools disagree on what constitutes an equation tag (the regular expression on the layout text
also matches enumerated items and footnote markers in parentheses at the end of a line, while the
PyMuPDF parser requires a right-margin position and a mathematical font). Equation counts should
therefore be read as approximate throughout the paper. As a corpus-wide check of the front matter,
the title extracted by the parser matches the Crossref title with a fuzzy similarity of at least 90 for
99% of the 276 included documents. The per-document table in Appendix C shows that the worst
disagreements are concentrated in corrigenda, whose reference lists and headings do not follow the
article template.

4.5. Annotation ontology

The mandate specified twelve families of properties to annotate, from the structure of the abstract
to the boundedness of the conclusion, plus rhetorical moves, claim–evidence relations, hedging,
and contribution types. We implemented them as a single document-level JSON schema (ontology
version 1.0, rhetoric.py; full listing in Appendix A) whose enumerated fields use the controlled
vocabularies of Table 4. Table 5 maps each family of the mandate to the fields of the schema. Two
families are deliberately annotated at a coarser level than the mandate’s wording suggests. The
literature family is captured by the location of the literature positioning (inside the introduction, in
a separate section, both, or none) and by the related_literature_positioning move, rather
than by a graph of contrasts and lineage, because the bounded payload (Section 3.5) does not
contain the full literature discussion. The data and empirical design families are captured through
section roles, the identification block (estimand, strategy, key assumptions, threats addressed, a 1–5
causal-language score, and a flag for explicit causal claims), and the table conventions block (units
stated in notes, description of standard errors), rather than through variable lists. Theory papers are
explicitly allowed not to follow the empirical template: the annotator is instructed to assign section
roles honestly and to use the “none”, “unclear”, or “not applicable” values for empirical-only fields.

The rhetorical-move inventory for introductions (motivation, tension or puzzle, literature gap,
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preview of approach, preview of results, contribution statement, mechanism or theory sketch,
identification defence, robustness mention, roadmap, related-literature positioning, policy or broader
implication, other) is an adaptation of move analysis in the tradition of genre studies (Swales, 1990,
2004) to the conventions of empirical finance, where the preview of results with magnitudes and the
defence of identification are moves in their own right. Hedging is recorded as a three-level intensity
with free-text devices, following the applied-linguistics literature on hedging in academic prose
(Hyland, 1996, 1998), rather than as a word count, since the payload is a sample of the text.

4.6. Annotation procedure

Each document is annotated by one call to the Claude API (claude-opus-5-5, the annotation
model recorded in config/models.yaml, with reasoning effort medium and a 4,000-token output
limit) using prompt document_annotation version 1.0 (Appendix B). The system prompt consists
of the prompt body, the list of allowed values for every enumerated field, and the JSON schema itself;
it is marked for prompt caching so that the per-document cost is dominated by the payload. The user
message is the bounded payload of Section 3.5, serialised as JSON. The API’s constrained-decoding
option for structured outputs was tried first and rejected the full schema as too large to compile
into a grammar; the model is therefore asked in the prompt to return a single JSON object, and the
response is parsed and validated locally against the strict schema (JSON Schema draft 2020-12,
enumerations enforced, no additional properties, every listed property required). A response that
fails validation is stored with its validation errors and marked invalid; invalid documents are re-run
with a fresh call rather than repaired by hand, and documents that remain invalid are excluded
from the rhetoric profiles and from the annotation units of the index. The record written for each
document holds the annotation, the prompt and ontology versions, the model identifier returned
by the API, the effort, the timestamp, the source document hash, the parser version, the payload
size, token usage, cost, the API request identifier, and the code version. In the full run, all 276
included documents were annotated and 276 validate against the strict schema after re-runs; roughly
one first-pass response in ten failed strict validation (typically an enumeration value outside the
vocabulary or a missing property) and was re-run, at a separately logged retry cost of 0.96 USD.
The measured cost is 0.075 USD per valid document (20.62 USD in total). Every count quoted
from the annotations in this paper is printed from macros regenerated from the recorded artefacts.

4.7. Deterministic checks and model–rule agreement

Independently of the model, a set of rule-based signals is computed from the same payload for
every document (deterministic_checks in rhetoric.py): the presence of a roadmap paragraph
(regular expression on “the remainder of the paper”, “Section n presents”, and similar phrasings),
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Table 4. Controlled vocabularies of the annotation ontology (version 1.0), as defined in src/jof250/
rhetoric.py. Free-text and numeric fields are listed in Appendix A.

Field Allowed values

genre empirical, theoretical, mixed_theory_empirical,
methodological_econometric, survey_or_address,
replication_or_correction

subfield asset_pricing, corporate_finance, financial_
intermediation_banking, household_finance, market_
microstructure, international_finance, behavioral_
finance, macro_finance, financial_econometrics,
entrepreneurial_finance_private_equity, other

primary_method reduced_form_regression, difference_in_differences,
instrumental_variables, regression_discontinuity,
natural_experiment_event_study, structural_
estimation, calibration_simulation, theoretical_
model_analytical, machine_learning_textual, survey_
or_experiment, other, none

introduction.moves[].move motivation, tension_or_puzzle, literature_gap,
preview_of_approach, preview_of_results,
contribution_statement, mechanism_or_theory_sketch,
identification_defense, robustness_mention, roadmap,
related_literature_positioning, policy_or_broader_
implication, other

introduction.contribution_
types[]

new_evidence, new_data_or_measure, new_
identification, new_theory_or_model, new_method,
resolution_of_puzzle, replication_or_correction,
synthesis

section_roles[].role introduction, literature, theory, data, empirical_
design, results, robustness, conclusion, appendix,
other

robustness.types[] alternative_specification, placebo, subsample,
alternative_measure, alternative_sample_period,
falsification, sensitivity_to_parameters, other

introduction.literature_
positioning_location

inside_introduction, separate_section, both, none

results_presentation.
statistical_significance_
language

stars_and_tstats, confidence_intervals, p_values,
mixed, unclear

robustness.location main_text_section, within_results, appendix,
internet_appendix, mixed, none_seen

tables.standard_errors_
description

clustered, robust, bootstrap, newey_west, mixed,
unclear, none

figures.uncertainty_shown yes, no, mixed, unclear, no_figures
hedging.level low, moderate, high
claim_evidence[].evidence_
type

table, figure, equation_or_proof, prior_literature,
descriptive_statistic, none_stated
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Table 5. Mapping of the twelve annotation families of the mandate to the fields of the ontology (version 1.0).

Mandate family Schema fields

1. Abstract abstract_moves.{question, gap, method, results,
magnitude, contribution}, each with present and sentence_
index

2. Introduction introduction.moves[] (paragraph index, move), contribution_
paragraph_index, contribution_types[], roadmap_present

3. Literature introduction.literature_positioning_location; move
related_literature_positioning

4. Theory genre; section role theory; move mechanism_or_theory_sketch; evi-
dence type equation_or_proof

5. Data section role data; primary_method; subfield
6. Identification identification.{estimand, strategy, key_assumptions[],

threats_addressed[], causal_language_strength, uses_
causal_claim}

7. Empirical design section role empirical_design; primary_method; tables.standard_
errors_description

8. Results results_presentation.{economic_significance_discussed,
statistical_significance_language, magnitude_statements_
in_intro}

9. Robustness robustness.{location, types[]}; move robustness_mention
10. Tables tables.{convention_notes, units_stated_in_notes,

standard_errors_description}
11. Figures figures.uncertainty_shown
12. Conclusion conclusion.{bounded_claims, policy_implications, open_

questions, restates_contribution}
Moves, claims, hedging introduction.moves[], claim_evidence[] (claim, evidence

type, evidence reference), hedging.{level, typical_devices[]},
structural_summary, writing_profile_keywords[], confidence
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of contribution language in the introduction (“contribute”, “this paper is the first”, “this paper
adds”), and of a magnitude in the abstract (a number followed by a percentage, basis-point, or
standard-deviation unit); the number of sentences in the abstract and of paragraphs and words in
the introduction; counts of causal and hedging words in the abstract; whether table notes mention
significance stars or clustered standard errors; whether the introduction or the headings mention an
Internet Appendix; and a rule-based role for every section derived from its heading (segmentation.
py). These signals serve two purposes. They enter the profiles alongside the model’s judgements,
so that a reader can compare, for instance, the share of introductions with a roadmap according to
the model and according to the regular expression. And they provide a check on the model: for
each annotated document we compute the agreement between the model’s section roles and the
rule-based roles over sections where the rule assigns a role, the agreement between the model’s
roadmap flag and the regular expression, and the agreement between the model’s identification of a
contribution paragraph and the contribution regular expression.

Over the 276 valid annotations, the median per-document agreement on section roles is 1.00, the
roadmap flags agree for 97% of documents, and the contribution flags agree for 62% of documents.
The lower contribution agreement is expected: the regular expression requires explicit contribution
vocabulary, whereas the model also recognises contribution paragraphs phrased as “we show” or
“our results”, and the disagreements are informative about the limits of lexical rules rather than
necessarily about the model.

4.8. What the agreement figures do and do not mean

We state the limits of this evidence plainly. The annotations are produced by one language model
under one prompt; the agreement figures above compare that model with lexical rules, and the
self-consistency of the profiles compares the model with itself. Neither is inter-rater reliability in
the sense used in content analysis, which requires at least two independent human coders and a
chance-corrected statistic such as Krippendorff’s α (Krippendorff, 2019). A human audit protocol
(experiments/protocols/) has been prepared for the day qualified coders are available, and the
rhetoric profiles should be read, until then, as a model’s structured reading of the corpus whose
aggregate patterns are checked against simple rules, not as a validated coding of it. The same
caution applies to the downstream uses of the annotations: structured retrieval units and profile
summaries inherit whatever systematic bias the annotator has, and the experiment of Section 6
evaluates the usefulness of the resulting engine, not the correctness of the annotations.
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5. JoF-250 architecture and Claude Code implementation

5.1. Overview

JoF-250 is a local-first pipeline implemented as a Python package (jof250, Python 3.12) with a
command-line interface (Typer) and a thin Claude Code layer on top. Table 6 lists its stages, their
inputs and outputs, and the artefacts each stage leaves behind; every artefact carries a timestamp,
the git code version (with a -dirty suffix when the working tree had uncommitted changes), and
the host description. The design choices follow from the constraints of the mandate: the corpus
is copyrighted and must stay on one machine; the system must be usable on a single Mac without
network services; every number in this paper must be traceable to a recorded artefact; and the engine
must be useful for manuscripts other than this one. Only two components call an external service:
the annotation and generation stages call the Claude API, and the citation audit calls the Crossref
API. Everything else, including embeddings, runs locally.

5.2. Measured writing profiles

A profile is a YAML file that records, for a named subset of the training split, the empirical
distribution of structural and rhetorical features. The structural features are computed from the
parsed documents (features.py): page count; words in the body and in the appendix; abstract
words; numbers of sections, subsections, paragraphs, equations, tables, figures, footnotes, reference
entries, and in-text citations; words and paragraphs of the introduction and its share of the body;
words and share of the conclusion; the body shares of sections whose rule-based role is theory, data,
results, or robustness; words per table; references and equations per thousand words; and indicator
variables for the presence of a robustness section, a separate literature section, an in-text appendix,
and an Internet Appendix. For each numeric feature the profile stores the sample size, median,
quartiles, mean, minimum, maximum, and a 95% bootstrap interval for the median (500 resamples,
seed 45). When the subset contains annotated documents, a rhetoric block adds the distribution
of genres, subfields, and methods; the share of abstracts in which each of the six abstract moves is
present, and the median sentence position of each; the number of abstract sentences; the distribution
of the first introduction move and of the most common move sequences (consecutive duplicates
collapsed); the position of the contribution paragraph, absolute and relative to the length of the
introduction; the share of introductions with a roadmap according to the model and according to the
regular expression; the location of literature positioning; contribution types; the causal-language
score; results-presentation conventions; robustness location and types; standard-error and unit
conventions in table notes; uncertainty in figures; the conclusion flags; hedging; the share of claims
with a stated evidence type; and, as diagnostics, the model–rule role agreement and the model’s
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Table 6. Pipeline stages of JoF-250. Modules are in src/jof250/; artefacts marked private are excluded
from version control.

Stage (module) Input Output / artefacts

Inventory
(inventory)

PDF folder, index.
csv, Crossref

corpus_manifest.parquet, corpus_audit.md, frozen
manifest, inventory ledger

Extraction
(parsing)

included PDFs one structured JSON per document (private), parse_
summary.parquet, parse ledger

Segmentation
(segmentation)

parsed JSON rule-based section roles; bounded annotation payload
(rights cap)

Annotation
(rhetoric, llm)

payload, prompt v1.0,
Claude API

schema-validated annotation per document, annotations_
table.parquet, API ledger, response cache

Splits (scripts/
03)

manifest heldout_v1.json (train / held-out document identifiers)

Profiles
(features)

parsed JSON,
annotations, train split

profiles/*.yaml, features.parquet, figures

Index
(embeddings)

parsed JSON,
annotations

units.parquet, embeddings.npy, index_meta.json,
8-gram shingles

Retrieval
(retrieval)

query, filters ranked units with provenance

Engine
(generation)

manuscript, profile,
retrieved units, Claude
API

proposal file, report (change log, flags, audit, diff), engine-
run ledger

Audits
(auditing)

manuscript,
bibliography, Crossref

deterministic audit report; evidence lookup

Evaluation
(evaluation)

fixtures, protocol,
Claude API

runs.jsonl, judgments.jsonl, summary.json

Integration
(integrations.
claude_code)

command, agent and
skill definitions

.claude/{commands,agents,skills} (project scope)
or ~/.claude/ (user scope, on request)
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own confidence.
Profiles are stratified by selection rules on genre and subfield (Appendix D): an all-document

profile (corpus_all), an all-empirical profile, and subfield profiles for empirical asset pricing,
corporate finance, financial intermediation and banking, household and behavioural finance, finan-
cial econometrics, and theoretical finance. Because the subfield of a document is an annotation
output, the subfield profiles depend on the annotation run; with the full run, the training split
yields 221 documents in corpus_all, 173 in empirical_all, 58 in empirical_asset_pricing,
28 in corporate_finance, 21 in financial_intermediation_banking, 32 in household_

behavioral_finance, 32 in theoretical_finance, and 8 in financial_econometrics (Ap-
pendix D). The engine falls back from a subfield profile with fewer than eight documents to the
all-empirical profile and then to the all-document profile. To give one illustration of what a profile
summary conveys, in the empirical_all profile the annotator finds a results move in 100% of
abstracts but an explicit magnitude in only 29%, the first move of the introduction is motivation in
90% of articles, the contribution paragraph sits at a median relative position of 0.62 (interquartile
range 0.20–0.80) in the introduction, a roadmap paragraph is present in 65% of articles according
to the model and 64% according to the regular expression, the median causal-language score is
3.0 on the 1–5 scale, and economic significance is discussed in 92% of articles. Figures 2 to 4
show the corresponding distributions for the training split. Every profile file carries the same caveat
in its header, which the engine repeats to the model in every prompt that uses a profile: observed
frequencies describe what published articles did in 2017–2020; they are not evidence that these
choices are editorially superior or required. The point is not rhetorical modesty. A convention can
be frequent because it is useful, because it is enforced, or because it is habitual, and a corpus of
accepted articles cannot distinguish these cases; the profiles are offered as a measured description
that an author can consult and deviate from, and the engine’s prompts ask the model to say when it
deviates.

5.3. Private hybrid retrieval

The retrieval index (embeddings.py, retrieval.py) is built from units rather than from passages
of full text. Seven unit types are indexed. Four are derived from the annotations and contain
no quoted text: a document summary (title, genre, subfield, method, the annotator’s structural
summary, and keywords), an identification summary (estimand, strategy, assumptions, threats,
causal-language score), one claim–evidence unit per annotated claim, and one introduction-move
unit per introduction paragraph with at least one annotated move. Three contain short excerpts
capped at 400 characters, which the rights policy permits: the opening of each section with its role,
length, and subsection headings; the title and notes of each table; and figure captions (at most eight
per document). Each unit records the document identifier, the SHA-256 digest of the source PDF,
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Figure 2. Share of abstracts in which each of the six abstract moves (question, gap, method, results, magnitude,
contribution) is present, by annotated genre, training split only; genres with fewer than five annotated
documents are omitted. Presence is judged by the model annotator (prompt document_annotation v1.0)
from the abstract text and has not been validated by human coders; the deterministic magnitude check of
Section 4.7 is reported in the profile files alongside the model’s judgement.
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Figure 3. Relative position of the contribution paragraph within the introduction (paragraph index divided by
the number of introduction paragraphs), training split, validly annotated documents in which the annotator
identified a contribution paragraph. The paragraph index is the model annotator’s; paragraph boundaries
come from the heuristic parser.
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Figure 4. Left: the first rhetorical move of the introduction (six most frequent values). Right: where
robustness checks are presented (six most frequent values). Training split, validly annotated documents; both
classifications are the model annotator’s under the controlled vocabularies of Table 4, and “mixed” denotes
robustness material spread across several locations.

DOI, year, title, article type, page, section, role, genre, subfield, method, the annotator’s confidence,
and the split of the document. The current index holds 9,642 units from 276 documents (276 with an
annotation): 2,165 section openings, 2,105 table-note units, 1,150 captions, 1,908 introduction-move
units, 1,762 claim–evidence units, 276 document summaries, and 276 identification summaries.

Queries are scored by a hybrid of BM25 (Robertson and Zaragoza, 2009) over a simple alphanu-
meric tokenisation and cosine similarity between normalised embeddings computed locally with a
MiniLM sentence encoder (Reimers and Gurevych, 2019; Wang et al., 2020) of dimension 384;
the two scores are min–max normalised within the filtered candidate set and combined with equal
weight (the weight, and pure BM25 or pure dense modes, are parameters). Metadata filters restrict
the candidates by split (training only by default), year, genre, subfield, section role or heading, and
unit type; the annotation unit filter selects the four structural unit types and the raw filter the three
excerpt types, which is how the conventional-RAG and structured-retrieval conditions of Section 6
are distinguished. To avoid a single article dominating the context, at most two units per document
are returned. Every hit carries its provenance record, which the engine writes into its reports so that
a user can trace any retrieved pattern to a document, page, and section.

5.4. The writing engine

The engine (generation.py) operates on a manuscript directory or file. The loader (auditing.
load_manuscript) accepts LaTeX projects, locating paper/main.tex or main.tex, stripping
comments, resolving \input and \include recursively, reading the UQO template’s \WP... meta-
data macros, splitting the text into sections and subsections, and extracting tables, figures, equations,
labels, cross-references, and citation commands; it also scans the project’s BibTeX files for keys
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and DOIs. Markdown manuscripts are accepted with the same section logic. Each section receives
a rule-based role (introduction, literature, theory, data, empirical design, results, robustness, conclu-
sion, appendix) so that a request for “the results section” can be resolved against arbitrary headings.
A cheap lexical heuristic then detects the manuscript’s genre (theoretical versus empirical) and
subfield from the title, abstract, and headings, without an API call, and the profile is selected by the
rules of Section 5.2; the user may override the profile. For manuscripts outside the corpus’s core
genre (theory, methods, computer science, real estate), the engine injects a genre note instructing
the model to apply the corpus conventions only where the argument structure is comparable and to
say in the change log which conventions it did not apply.

The material handed to the model is bounded to 60,000 characters: title, abstract, metadata,
an optional verified research brief, the list of sections with roles and lengths, the current text of
the target section (up to 12,000 characters, or a note that it is absent), the other sections truncated
proportionally, the captions and number counts of up to twenty tables, up to twenty equations, and
the list of available BibTeX keys. The task is one of three modes: outline (a paragraph-by-paragraph
plan with the rhetorical move and the evidence of each paragraph), write, or upgrade (rewrite
an existing section preserving every number, citation, claim, and result). Conditions A to E of
the experimental design are implemented as prompt families (Appendix B) that share one system
prompt with hard constraints (never invent results, numbers, or citations; use only listed BibTeX
keys or a visible \todo placeholder; preserve verified facts; never copy sentences or imitate an
author; return the section text followed by a change log and a list of flags). Condition A adds a
one-line instruction; B a strong academic-writing instruction; C adds six raw excerpts retrieved
by similarity from the training split, in the manner of conventional retrieval-augmented generation
(Lewis et al., 2020); D adds the profile summary (sample size, caveat, length medians, abstract
and introduction move patterns, contribution placement, identification, results, robustness, table
and conclusion conventions) together with six structured units with provenance, and a four-step
procedure (identify what the evidence supports, choose the sequence of moves and state it in the
change log, write, list unsupported statements under flags). Condition E, the default engine, runs
D and then two further stages: a deterministic audit of the draft (numeric preservation against
the material, citation keys against the bibliography, unsupported-claim sentences, and eight-word
overlap with the corpus), and a specialist-referee pass in which the model receives the material, the
draft, and the audit and must return a revised draft that fixes every audit item while keeping every
verified fact, strengthening the methodological framing, and replacing unsupported statements with
placeholders. The audit is re-run on the revised text. Ablations of E switch off retrieval, the profile,
the referee pass, or the fact-check individually.

The engine never edits the manuscript. Its output is a new file whose header records the mode,
section, condition, model, timestamp, and manuscript hash and states that the file is a proposal,
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together with a sibling report containing the change log, the flags, the retrieval provenance, the
deterministic audit, and a unified diff against the current section. Each invocation is appended to an
engine-run ledger with its cost, latency, token usage, number of API calls, prompt versions, and
detected genre.

5.5. Reviews, audits, and evidence lookup

Three further commands reuse the loader. jof250 review produces role-based reviews from five
prompts (referee, writing editor, table-and-figure editor, citation and integrity auditor, replication
auditor; Appendix B); each receives the manuscript material, the deterministic audit facts, and, by
default, the measured conventions of the selected profile with the genre note, and is instructed to
tie every comment to a section, table, or equation and to leave every number unchanged. jof250
audit makes no API call: it checks that tables have captions and notes and are referenced, that
labelled equations and figures are referenced and that every cross-reference resolves, that every
citation key exists in the bibliography, and that the DOIs in the bibliography resolve through
Crossref (cached, at most sixty per run); it lists sentences with strong claim verbs that carry no
citation, cross-reference, number, or hedge; and it reports the maximum share of the manuscript’s
eight-word shingles found in any single corpus document, computed from locally stored hashes.
The limits of these checks are stated in docs/LIMITATIONS.md: numeric preservation compares
sets of numbers, not their meaning; unsupported-claim detection is a lexical heuristic; and citation
verification establishes that a key and a DOI exist, not that the cited work supports the claim.
jof250 evidence locates, for a claim given as text, the tables whose bodies contain the claim’s
numbers or keywords and the sentences that mention them, and returns a status of supported by a
table, mentioned in text, or no evidence found.

5.6. Claude Code integration

The host ran Claude Code version 2.1.317, which supports project-scoped slash commands as
Markdown files with YAML front matter under .claude/commands/, sub-agents under .claude/
agents/, and skills under .claude/skills/. The integration module generates these files from a
single source of truth (integrations/claude_code.py) so that the project copy and an optional
user-scope copy cannot drift. Ten commands are installed (Table 7): status, corpus audit, profile
explanation, outline, write, review, upgrade, audit, evidence, and benchmark. The installed version
passes the raw text typed after a command to the command file as $ARGUMENTS; rather than relying
on a parser that the version does not provide, each command file instructs the assistant how to parse
its arguments (for example, <paper-path> [–section <name>] [–condition X], with stated
defaults), which CLI invocation to run, which output files to read, and what to show the user. The
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front matter restricts the tools each command may use to the project’s CLI binary, a few read-only
shell utilities, and file reading and searching, and the command bodies state that the manuscript is
never modified and that proposals go to a jof250_proposals/ or jof250_reviews/ folder inside
the user’s paper directory. Seven specialist agents (Table 8) wrap the review and audit commands
with role-specific instructions and declared models; a skill file describes the engine, its rules for
the assistant (always pass an explicit output path, relay every flag and audit item, state which
conventions do not apply to non-finance manuscripts, warn that API calls cost money), and how
to repair a missing environment. The project-scope installation is the default; because the author
asked that the commands be available in every session, the CLI also offers a user-scope installation
that copies only the files prefixed jof- or named jof250 into the user’s Claude Code directory
and touches nothing else there, with documented removal. The commands were exercised from
a separate sample research repository, as the mandate requires; the results of those exercises are
reported with the engineering tests, not as experimental findings.

5.7. Provenance, ledger, and budget

Every API call goes through one wrapper (llm.py) that appends a record to api_ledger.jsonl

with the purpose, prompt identifier and version, model identifier as returned by the API, effort, input,
output and cache token counts, cost computed from the list prices recorded in config/models.

yaml, latency, stop reason, request identifier, cache key, and code version. Responses are cached by
the hash of model, prompts, schema, effort, and output limit, so that re-running the annotation stage
does not re-spend; generation and judging calls bypass the cache because nondeterminism is part of
what the experiment measures. The wrapper refuses to place a call once cumulative spend reaches
the budget cap fixed by amendment A-001 (budget_usd_cap), retries transient API errors with
back-off, and records refusals. At the time of writing the ledger holds 897 calls for 93.23 USD, of
which 20.58 USD for annotation, 0.96 USD for annotation retries, 47.71 USD for engine writing
calls, 20.05 USD for referee passes, and 0.39 USD for review calls; benchmark spending is reported
with the results. Engine invocations and benchmark runs are written to their own ledgers, and
failed or refused runs are kept, not dropped. Together with the frozen manifest, the per-document
hashes, the parser version stamped in every parsed file, and the seeds recorded in the split, profile,
and fixture scripts, these ledgers allow every table and figure of this paper to be regenerated from
recorded data by the commands listed in Appendix F.

6. Experimental design, hypotheses, and preregistration

This section transcribes the preregistered protocol heldout_v1 (experiments/preregistration.
md), which was frozen on 3 November 2026, before any benchmark run, at the code version recorded

30



Table 7. Slash commands installed under .claude/commands/ and the CLI call each one wraps.

Command Arguments Purpose

/jof-status –- Show JoF-250 pipeline status (corpus, pars-
ing, annotations, profiles, index, spend)

/
jof-corpus-audit

–- Re-run the JoF corpus inven-
tory/verification and summarize the
audit

/jof-profile [profile-name] Explain a measured JoF writing profile (em-
pirical_asset_pricing, corporate_finance, fi-
nancial_econometrics, theoretical_finance,
. . . )

/jof-outline <paper-path> –section
<name>

Propose a section outline for a manuscript
using JoF-250 (profiles + structured re-
trieval)

/jof-write <paper-path> –section
<name> [–condition
A|B|C|D|E]

Draft a manuscript section with the full JoF-
250 engine (profiles, structured retrieval,
verification, specialist referee)

/jof-review <paper-path> [–role
referee|editor|table_
editor|integrity|replication]
[–full]

Produce a referee-style review of a
manuscript (roles: referee, editor, ta-
ble_editor, integrity, replication)

/jof-upgrade <paper-path> –section
<name> [–preserve-results]

Rewrite/upgrade an existing section while
preserving every result, number and cita-
tion

/jof-audit <paper-path> [–tables]
[–equations]

Deterministic manuscript audit: tables,
equations, citations/DOIs, unsupported
claims, corpus overlap

/jof-evidence <paper-path> –claim ”...” Locate the evidence for a claim inside a
manuscript (tables, numbers, sentences)

/jof-benchmark [–protocol heldout_v1]
[–dry-run]

Run (or dry-run) the preregistered JoF-250
evaluation protocol
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Table 8. Specialist agents installed under .claude/agents/ (frontmatter model field as declared).

Agent Model Role

jof-corpus-auditor haiku verifies the JoF-250 corpus inventory, manifest integrity, dupli-
cates and bibliographic records

jof-rhetorical-analyst sonnet explains the rhetorical structure of a section/manuscript against
the measured JoF profiles

jof-writing-editor sonnet proposes rewrites that keep every fact, number and citation un-
changed

jof-econometric-referee opus identification, inference, robustness critique
jof-table-figure-editor sonnet captions, notes, units, uncertainty
jof-integrity-auditor sonnet citations, DOIs, unsupported claims, numeric consistency, over-

lap
jof-replication-auditor sonnet what a replicator needs and what is missing

in the repository history, following the logic of preregistration as a commitment device against
analytic flexibility (Nosek et al., 2018). Any departure from it is logged as an amendment in docs/

PROGRESS.md. No result is reported here; Sections 7 to 9 report only what was actually run.

6.1. Research question and hypotheses

The question is whether abstract, domain-specific writing conventions extracted from a pre-ChatGPT
finance corpus improve LLM-assisted scholarly writing and review beyond standard prompting and
conventional retrieval, while maintaining originality, factual accuracy, and reproducibility. The five
hypotheses are directional and are tested as paired contrasts within task × document (and repetition),
with the conditions defined in Table 9.
H1 D (structured profiles and rhetorical retrieval) exceeds B (strong academic-writing prompt) on
judge-rated argument clarity and contribution positioning. The mandate states H1 in terms of blind
human ratings; because human raters were not available in this study (Section 6.8), H1 can only be
tested here with the model judge and is reported as such.
H2 D exceeds C (conventional retrieval over raw excerpts) on the finance writing tasks, on the
same two outcomes and on usefulness.
H3 E (D plus verification and a specialist referee pass) exceeds D on methodological rigour and
fidelity, with no loss in numeric preservation, that is, the preserved rate of E is at least that of D.
H4 E has fewer unverifiable citations (author–year strings absent from the source reference list)
and fewer unsupported-claim sentences than A, B, and C.
H5 Any advantage of D or E persists on held-out documents and on the out-of-domain manuscript,
and is not explained by overlap: the maximum eight-word overlap share with any corpus document
is below 0.02 for every output.
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6.2. Conditions and ablations

The five conditions form a ladder from a minimal prompt to the full engine, so that each step isolates
one ingredient (Table 9). Conditions B, C, and D share the same strong-prompt instruction; C and
D differ only in what is retrieved and from which units (raw excerpts versus structured annotation
units with a profile summary); E adds the two post-draft stages. Four ablations of E remove one
ingredient at a time. All prompts are listed verbatim in Appendix B.

Table 9. Experimental conditions and ablations (config/evaluation.yaml; prompts in Appendix B).
Retrieval is restricted to the training split.

Condition Definition

A baseline Shared system prompt; one-line instruction (“Write the section of this paper”).
B strong_prompt A plus an experienced-economist writing instruction (question early, explicit

contribution, closest prior work without a laundry list, preview of findings
with magnitudes, proportionate claims, plain English, one idea per paragraph,
manuscript’s own notation and numbers).

C conventional_rag B plus six raw excerpts (at most 400 characters each: section openings, table
notes, captions) retrieved by hybrid similarity, presented as examples of tone
and organisation only.

D profiles_
retrieval

B plus the measured profile summary (sample size, caveat, length and move
distributions, contribution placement, identification, results, robustness, table
and conclusion conventions) and six structured rhetorical units with prove-
nance; a four-step procedure (evidence, move sequence stated in the change
log, draft, flags); genre note when applicable.

E full_engine D plus a deterministic fact-check of the draft (numeric preservation, citation
keys, unsupported claims, corpus overlap) and a specialist-referee revision
pass that must fix every audit item while keeping every verified fact; the audit
is re-run on the revised text.

E no_retrieval E without the six structured units.
E no_profile E without the profile summary.
E no_referee E without the referee pass (draft plus audit only).
E no_factcheck E without the deterministic audit (the referee pass receives no audit).

6.3. Tasks and materials

The experimental unit is a task × source document × condition × repetition. Source documents
are drawn from the frozen held-out split (55 documents never used for profiles or prompt tuning):
two empirical articles of different subfields, selected by the fixture script (seed 45) among held-out
empirical articles with at least six tables, plus one out-of-domain manuscript, UQO Working Paper
29, a methods-oriented, computer-science-flavoured LaTeX paper by the author with verified results.
The fixture manifest records, for each selected article, its identifier, DOI, source hash, and table
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and reference counts, together with the code version at which the fixtures were built. For each
held-out article the fixture contains a Markdown manuscript built from the parsed structure in
which the published introduction is withheld, a copy with the introduction for the judge’s reference
material where the task permits, the published introduction as a separate file, and metadata; no
fabricated finance findings are used anywhere. The eight tasks follow the mandate (Table 10); each
is implemented as a section role, an engine mode, and a research brief that states what material may
be used and what must not be invented. The degraded literature passage used by the rewrite task
is built deterministically from the paper’s own literature paragraphs, so that the task has a known
ground truth of admissible citations.

6.4. Controls

All conditions use the same generator model (claude-opus-5-5), the same reasoning effort
(medium) and output limit, and the same manuscript material and brief. Temperature is not a
configurable parameter of this model, which uses adaptive reasoning; nondeterminism is therefore
handled by repetition rather than by fixing a seed. Repetition 1 covers the full grid of conditions and
ablations; repetition 2 covers the main conditions A to E on four tasks (introduction, abstract, referee
report, interpretation of results). The out-of-domain manuscript is run on three tasks (introduction,
abstract, referee report) under the five main conditions only. Cost, tokens, latency, retries, prompt
versions, and model identifiers are logged per call. Token budgets are not equalised: condition
E makes two generation calls and uses more tokens than A to D; cost and latency are therefore
reported as outcomes rather than controlled, and this asymmetry is stated as a limitation.

6.5. Outcomes and judging

The six primary outcomes are judge ratings on a 1–7 scale for clarity, argument logic, contribution
positioning, methodological rigour, fidelity, and usefulness, with calibrated anchors (Appendix B,
judge rubric version 1.0). The judge is claude-sonnet-5-5, a different member of the generator’s
model family, chosen to limit self-preference while keeping the rubric interpretable to the same
vendor’s models; the judge is blind to condition labels, receives all condition outputs of one (task,
document, repetition) set in a random order under random letters together with the task and the
source material, is told not to reward length, and returns scores, a count of invented facts, and a
one-line justification per output. Judge consistency is measured by re-judging a random 25% of
the sets in a second random order and reporting the mean absolute score difference and the rank
correlation between passes; judge biases that this design does not remove (verbosity, style preference,
same-vendor affinity) are acknowledged (Zheng et al., 2023; Wang et al., 2024; Panickssery et al.,
2024). Deterministic secondary outcomes are computed for every output without a model: the

34



Table 10. Evaluation tasks (evaluation.py, TASKS). “Mode” is the engine mode; the brief is paraphrased.
The published introduction is withheld from every finance fixture.

Task Section role Mode Brief (summary)

draft_introduction introduction write Draft the introduction from the verified mate-
rial (abstract, section structure, tables, figures,
references); no numbers beyond the material.

rewrite_literature literature upgrade Rewrite a deterministically degraded “laundry-
list” positioning passage into paragraphs that
relate, differentiate, and build on the cited work,
citing only works in the reference list.

explain_
specification

empirical design upgrade Improve the explanation of the research de-
sign: estimand, identifying assumptions, fixed
effects, inference, as stated; add no specifica-
tion.

interpret_results results write Interpret the main results from the tables’ cap-
tions and notes and the stated facts; economic
and statistical significance only as far as sup-
ported; never invent coefficients.

improve_table results upgrade Propose an improved caption and notes for the
first main regression table (sample, unit of ob-
servation, period, definitions, standard errors,
significance conventions) without inventing val-
ues.

flag_causal_claims results write Identify every causal claim; classify as sup-
ported by the design, over-stated, or associa-
tional; name the design element that would sup-
port it; propose a bounded rewording.

referee_report results write Referee report: summary, contribution, major
comments (identification, inference, measure-
ment, robustness, presentation), minor com-
ments, recommendation; every comment tied
to a section or table.

improve_abstract abstract upgrade Improve the abstract without altering any find-
ing, number, or claim; 100–150 words.
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preserved rate and new rate of numbers relative to the source material, the number of unverifiable
author–year citations (surname and year not co-occurring in the source reference list or material),
the number of unknown BibTeX keys, the number of unsupported-claim sentences, the maximum
eight-word overlap share with the corpus, the number of \todo placeholders, latency, cost, and
tokens.

6.6. Analysis plan

For each hypothesis contrast and outcome, the primary statistic is the mean of the paired differences
within (task, document, repetition), with a 95% cluster bootstrap interval (clusters are task ×
document; 2,000 resamples; seed 45) and a paired Wilcoxon signed-rank test. The Holm procedure
(Holm, 1979) is applied across the six primary outcomes within each hypothesis. Effect sizes are
the mean paired difference on the 1–7 scale and Cliff’s δ (Cliff, 1993). Secondary outcomes use the
same paired bootstrap, with counts also reported as rates. Each ablation is compared with full E by
the same procedure. The out-of-domain manuscript is reported separately and descriptively, since it
is a single document. Significance is declared only when the Holm-adjusted p-value is below 0.05
and the bootstrap interval excludes zero. The sample, two finance documents and eight tasks, is
small by construction: the study is a pilot of the protocol, powered to detect only large effects, and
this is stated wherever results are reported. No result is written before the runs complete, and failed
or refused runs are reported rather than silently dropped.

6.7. Contamination and leakage statement

The generator and the judge are foundation models whose pretraining data may include the held-out
articles, which are published and widely cited; nothing in this design can exclude that possibility, and
the literature on benchmark contamination and memorisation shows that such exposure can inflate
apparent performance (Sainz et al., 2023; Golchin and Surdeanu, 2024; Carlini et al., 2023). Three
mitigations reduce its consequences without removing it: the published introduction is withheld
from the material of every finance fixture, so that the drafting task cannot be solved by recall of
the visible text; every output is screened for eight-word overlap with every corpus document, and
H5 sets a preregistered ceiling; and author–year citations in outputs are verified against the source
reference list, so that recalled but unlisted references count as unverifiable. Leakage between splits
is addressed at the document level (Section 3.4): profiles and the retrieval index used by the engine
are restricted to training documents, and the author-overlap count between splits is reported. Results
are to be interpreted as conditional on these caveats.
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6.8. Human evaluation

Blind evaluation by qualified human reviewers was not available in this study. A rating protocol and
rating sheets were prepared (experiments/protocols/human_rating_sheet.md): at least two
PhD-level finance researchers, blind to condition, each rating all outputs of a (task, document) set in
random order under random letters on the six primary dimensions plus a count of invented facts,
with a joint calibration on two anchor sets, reliability measured by Krippendorff’s α (Krippendorff,
2019), and disagreements above two points resolved by discussion while the original scores are kept
for analysis. Until such ratings exist, every quality outcome of this paper is a model-judge rating
and is labelled as such; the mandate’s H1, which is phrased in terms of human ratings, remains
untested in its original form.

7. Results

This section reports what the preregistered protocol heldout_v1 (Section 6) produced in its final
execution, after the two implementation defects recorded as Amendment A-004 were corrected
(Section 9.2); the first execution is archived and is not used anywhere in this paper. Two cautions
apply throughout. The study is a pilot: the finance sample is two held-out documents and eight
tasks, so each preregistered contrast rests on 24 paired units once repetitions are pooled, and the
design is powered only for large effects. And every quality score is a rating by the model judge, not
by a human reviewer (Section 6.8).

7.1. Run accounting, cost, and latency

All 199 planned generation runs completed (199 successful, no failure or refusal), and the judge
returned 33 valid judgement sets, including the second-pass sets used for the consistency check.
Cost and latency were recorded per call and are reported as outcomes (Table 13). The single-
call conditions are close to one another: mean cost per output rises from 0.138 USD under A to
0.154 USD under D, and mean latency from 45.88 s to 49.48 s. Condition E makes two generation
calls (draft, then referee revision) and re-runs the deterministic audit; its mean cost is 0.316 USD
and its mean latency 98.03 s, about twice the single-call conditions, for outputs of similar length
(994.67 words on average against 1051.88 under D). The token budget was not equalised across
conditions (Section 6.4), so any advantage of E must be read as the advantage of a two-call workflow
over a one-call workflow, not of one prompt over another at equal cost.
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7.2. Judge-rated primary outcomes

Table 11 gives the mean judge score by condition on the six primary dimensions for the finance
documents, and Figure 5 plots them. Clarity is flat along the ladder (from 5.79 under A to 5.83
under E, with B highest at 6.04), which is consistent with the judge instruction not to reward length
or polish. Methodological rigour separates E from the single-call conditions: it rises from 4.79 (A)
and 5.17 (D) to 6.12 (E), and fidelity from 5.25 (D) to 5.71 (E). Two dimensions move the other way.
Contribution positioning is lower under E (4.92) than under B or D (5.33 and 5.33), and usefulness
is lower under E (5.42) than under any single-call condition (5.75 under D). The judge’s count of
invented facts falls from 1.88 under D to 0.88 under E, and rises monotonically from A to D (1.38,
1.62, 1.71, 1.88). The qualitative reading in Section 9 is that the referee pass removes unsupported
statements and adds scope and identification caveats, and that the judge rates the resulting text as
more rigorous and faithful but as more hedged, more placeholder-laden, and therefore slightly less
useful and less sharply positioned.

Table 11. Judge scores by condition (finance held-out documents, pass A)

Condition clarity argument logic contribution positioning methodological rigor fidelity usefulness n invented facts n

A_baseline 5.79 5.58 5.00 4.79 5.33 5.58 1.38 24.00
B_strong_prompt 6.04 5.71 5.33 5.04 5.33 5.71 1.62 24.00
C_conventional_rag 5.96 5.88 5.21 5.21 5.25 5.67 1.71 24.00
D_profiles_retrieval 5.92 5.75 5.33 5.17 5.25 5.75 1.88 24.00
E_full_engine 5.83 6.04 4.92 6.12 5.71 5.42 0.88 24.00
E_no_factcheck 6.00 6.06 4.94 6.19 5.75 5.62 0.88 16.00
E_no_profile 5.94 6.12 5.12 6.38 5.69 5.69 1.00 16.00
E_no_referee 6.00 5.62 4.88 4.88 5.12 5.31 1.81 16.00
E_no_retrieval 5.88 5.94 5.19 6.19 5.62 5.56 1.50 16.00

Notes: generated by scripts/05_analyze_benchmark.py from recorded runs (protocol heldout_v1); judge = claude-sonnet-5-5 blind to
condition; scores 1–7.

7.3. Preregistered contrasts

Table 12 reports, for each preregistered contrast and outcome, the mean paired difference within
(task, document, repetition), the cluster-bootstrap 95% interval, the Holm-adjusted Wilcoxon p-
value (Holm, 1979), and Cliff’s δ (Cliff, 1993). Under the preregistered rule, a contrast is called
significant only when the Holm-adjusted p is below 0.05 and the interval excludes zero.

H1 (D against B): not supported. Structured profiles and rhetorical retrieval do not move judge-
rated clarity (mean difference -0.12, 95% CI [-0.31, 0.03], Holm p = 0.719), argument logic
(+0.04, [-0.16, 0.22], p = 1.000), contribution positioning (+0.00, [-0.28, 0.28], p = 1.000), or
usefulness (+0.04, [-0.28, 0.41]). Every interval includes zero and every point estimate is small on
the seven-point scale.
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Figure 5. Mean judge score by condition and dimension (finance held-out documents, first judge pass,
1–7 scale). Generated by scripts/05_analyze_benchmark.py from the recorded judgements of protocol
heldout_v1.

H2 (D against C): not supported. Measured profiles with structured units do not outperform
conventional retrieval over raw excerpts: clarity -0.04 ([-0.09, 0.00], Holm p = 0.952), argument
logic -0.12 ([-0.22, 0.03], p = 0.719), contribution positioning +0.12 ([-0.03, 0.22], p = 0.635),
and usefulness +0.08 ([-0.06, 0.34], p = 0.479). Within this pilot, what the engine retrieves and
how it is presented makes no measurable difference to the judge once the strong prompt is in place.

H3 (E against D): supported on both preregistered dimensions, with a trade-off. The full
engine exceeds D on methodological rigour by +0.96 points (95% CI [0.44, 1.47], Holm p = 0.009,
Cliff’s δ in Table 12) and on fidelity by +0.46 points ([0.03, 0.69], Holm p = 0.024). Both intervals
exclude zero and both adjusted p-values are below 0.05, so both meet the preregistered criterion;
the fidelity interval is close to zero at its lower end and should be held more loosely than the rigour
result. The third part of H3, no loss in numeric preservation, holds in the condition means: the
preserved rate is 0.055 under E and 0.055 under D (Table 13). The cost of these gains appears on
usefulness, which is lower under E than under D by -0.33 points ([-0.78, 0.06], p = 0.065); the
interval includes zero, so the decline is not significant under the preregistered rule, but its sign is
consistent across the exploratory contrasts below, and the judge justifications in Section 9 explain it:
the referee pass makes the text more cautious and more hedged, and the judge rates such text as
somewhat less useful to an author.

Exploratory contrasts. Two contrasts that were not preregistered as hypotheses but follow from
the ladder are reported with the same Holm correction across the six outcomes and should be read
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as exploratory. Against the minimal baseline A, the full engine is higher on methodological rigour
(+1.33, [0.84, 2.28], Holm p = 0.002), which meets the criterion; argument logic (+0.46, [0.09,
1.31], p = 0.462) and fidelity (+0.38, [-0.03, 1.12], p = 0.289) favour E without meeting it; clarity
(+0.04), contribution positioning (-0.08, [-0.38, 0.72]), and usefulness (-0.17, [-0.56, 0.44]) do not
differ. Against the strong prompt B, rigour again meets the criterion (+1.08, [0.56, 1.81], p = 0.009);
fidelity (+0.38, [0.16, 0.59], p = 0.063) and argument logic (+0.33, [0.09, 0.69], p = 0.249) have
intervals that exclude zero but adjusted p-values above the threshold, and are therefore not called
significant. The trade-off is clearest here: relative to B, E is lower on contribution positioning
by -0.42 points ([-0.75, 0.09], p = 0.290), on usefulness by -0.29 ([-0.66, 0.03], p = 0.234), and
on clarity by -0.21 ([-0.47, -0.06], p = 0.132), the last with an interval that excludes zero. None
of these declines meets the significance rule, but together they describe a workflow that trades
positioning and perceived usefulness for rigour and fidelity rather than one that dominates the strong
prompt.

Table 12. Preregistered paired contrasts (cluster bootstrap 95% CI, Holm-adjusted Wilcoxon p)

Condition n mean diff ci low ci high holm p cliffs delta

H1_D_vs_B / clarity 24.00 -0.12 -0.31 0.03 0.72 -0.12
H1_D_vs_B / argument_logic 24.00 0.04 -0.16 0.22 1.00 0.04
H1_D_vs_B / contribution_positioning 24.00 0.00 -0.28 0.28 1.00 0.01
H1_D_vs_B / usefulness 24.00 0.04 -0.28 0.41 1.00 0.04
H2_D_vs_C / clarity 24.00 -0.04 -0.09 0.00 0.95 -0.04
H2_D_vs_C / argument_logic 24.00 -0.12 -0.22 0.03 0.72 -0.12
H2_D_vs_C / contribution_positioning 24.00 0.12 -0.03 0.22 0.63 0.13
H2_D_vs_C / usefulness 24.00 0.08 -0.06 0.34 0.48 0.07
H3_E_vs_D / methodological_rigor 24.00 0.96 0.44 1.47 0.01 0.55
H3_E_vs_D / fidelity 24.00 0.46 0.03 0.69 0.02 0.32
H3_E_vs_D / usefulness 24.00 -0.33 -0.78 0.06 0.06 -0.24
E_vs_A / clarity 24.00 0.04 -0.25 0.69 0.74 -0.11
E_vs_A / argument_logic 24.00 0.46 0.09 1.31 0.46 0.24
E_vs_A / contribution_positioning 24.00 -0.08 -0.38 0.72 0.97 -0.14
E_vs_A / methodological_rigor 24.00 1.33 0.84 2.28 0.00 0.65
E_vs_A / fidelity 24.00 0.38 -0.03 1.12 0.29 0.22
E_vs_A / usefulness 24.00 -0.17 -0.56 0.44 0.94 -0.21
E_vs_B / clarity 24.00 -0.21 -0.47 -0.06 0.13 -0.19
E_vs_B / argument_logic 24.00 0.33 0.09 0.69 0.25 0.27
E_vs_B / contribution_positioning 24.00 -0.42 -0.75 0.09 0.29 -0.29
E_vs_B / methodological_rigor 24.00 1.08 0.56 1.81 0.01 0.55
E_vs_B / fidelity 24.00 0.38 0.16 0.59 0.06 0.30
E_vs_B / usefulness 24.00 -0.29 -0.66 0.03 0.23 -0.21

Notes: generated by scripts/05_analyze_benchmark.py from recorded runs (protocol heldout_v1); judge = claude-sonnet-5-5 blind to
condition; scores 1–7.
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7.4. Secondary outcomes

Table 13 reports the deterministic outcomes computed on every output without a model. The
preserved rate is the share of the numbers in the whole supplied material (abstract, sections, tables
and notes, figures, references) that reappear in the output. It is computed against the full material
rather than against the subset a task needs, so values are low by construction for every task (0.053
under A, 0.055 under E) and the measure is informative only as a comparison across conditions on
the same task. New numbers, the count of numbers in the output that do not occur in the material,
is lowest under E (0.83 per output) and highest under C (1.25); the deterministic unsupported-

claim count is likewise lowest under E (0.62) and highest under C (1.62). The number of \todo
placeholders is small and similar across conditions (2.54 under A, 3.12 under E), and output length
is similar (959.33 words under A, 994.67 under E). The unverifiable-citation count is 0.08 per
output under A through D and 0.00 under E; the non-zero values are loose author–year strings that
do not match the reference list exactly, not invented references, as Section 7.5 explains.

Table 13. Deterministic secondary outcomes by condition (finance held-out documents)

Condition preserved rate new numbers n unverifiable citations n unsupported claims max overlap share todo placeholders n words cost usd latency s n

A_baseline 0.05 1.00 0.08 1.08 0.07 2.54 959.33 0.14 45.88 24.00
B_strong_prompt 0.06 1.04 0.08 1.04 0.07 2.96 1027.42 0.14 46.08 24.00
C_conventional_rag 0.05 1.25 0.08 1.62 0.07 2.17 1059.88 0.15 47.45 24.00
D_profiles_retrieval 0.06 1.17 0.08 1.21 0.07 2.67 1051.88 0.15 49.48 24.00
E_full_engine 0.06 0.83 0.00 0.62 0.06 3.12 994.67 0.32 98.03 24.00
E_no_factcheck 0.05 0.94 0.06 0.75 0.06 2.56 1049.94 0.31 95.92 16.00
E_no_profile 0.05 0.69 0.00 0.31 0.06 2.75 996.19 0.31 97.71 16.00
E_no_referee 0.04 0.88 0.12 1.06 0.08 2.25 939.19 0.15 48.86 16.00
E_no_retrieval 0.04 0.62 0.12 0.31 0.06 5.06 1074.38 0.31 94.53 16.00

Notes: generated by scripts/05_analyze_benchmark.py from recorded runs (protocol heldout_v1); judge = claude-sonnet-5-5 blind to
condition; scores 1–7.

7.5. H4: unverifiable citations, new numbers, and unsupported claims

H4 predicted fewer unverifiable author–year citations and fewer unsupported-claim sentences under
E than under A, B, and C. On citations the metric barely moves: every condition received the source
reference list and was forbidden to cite anything else, and the outputs complied, either by citing
works from the list or by emitting citation placeholders, so the counts are close to zero everywhere
(Table 13) and the paired differences are small (E against A -0.08, [-0.25, 0.00], p = 0.157; the
same for B and C). The metric therefore constrains behaviour rather than discriminating among
conditions in this protocol. On the deterministic unsupported-claim count, E is lower than C by
-1.00 sentences per output ([-1.59, -0.16], unadjusted p = 0.009), an interval that excludes zero,
and lower than A (-0.46, [-0.91, 0.25], p = 0.101) and B (-0.42, [-0.94, 0.19], p = 0.173) only
directionally. New numbers absent from the source are lower under E only directionally: against
A -0.17 ([-0.38, 0.12]), against B -0.21 ([-0.41, 0.06]), against C -0.42 ([-1.00, 0.12]). These
p-values were not Holm-adjusted across the three comparison conditions, and H4 as a whole is
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best described as supported in direction and, for unsupported claims against C, in magnitude, but
not as a preregistered significance result. The judge’s own count of invented facts, which captures
unsupported statements that the regular-expression audit cannot, is reported in Section 9.5.

7.6. H5: persistence on held-out documents and overlap

All finance results above are on held-out documents, so the first clause of H5 is the setting of
the study rather than a separate test; the out-of-domain manuscript is reported descriptively in
Section 9.6. The overlap clause set a preregistered ceiling: the maximum eight-word overlap
share of every output with any corpus document had to be below 0.02. As preregistered, this

criterion was failed by the metric: the largest overlap share observed was 0.404, and only 42%
of outputs fell below the ceiling. Inspection of overlap_by_run.csv shows why. The corpus
index contains the two held-out source documents themselves, and the overlap is almost entirely
between an output and its own source document; it is concentrated in the tasks whose brief requires
reusing the paper’s material, above all the abstract improvement (mean self-overlap 0.253), then
the literature rewrite (0.082) and the causal-claims audit, which must quote the claims it classifies
(0.073); the introduction draft (0.028), the table task (0.020), the specification explanation (0.019),
the interpretation of results (0.018), and the referee report (0.008) are at or near the ceiling. Once the
output’s own source document is excluded, a post-hoc refinement that was not in the preregistration,
the maximum overlap with any other corpus document is 0.007, the mean is 0.0008, and 100% of
outputs are below the ceiling. The refined reading is that no output reproduces text from a training
document, which is the concern the ceiling was meant to address, while the preregistered metric,
as written, did not anticipate that reuse of the task’s own material is part of several briefs. Both
readings are reported; the preregistered one is the one that was failed.

7.7. Task-level pattern

Table 14 shows judge-rated methodological rigour by task and condition, the dimension on which
E differs most from the other conditions. The advantage is not uniform. It is largest on the
interpretation of results (4.75 under A against 6.75 under E), the literature rewrite (4.50 against
6.50), the table task (4.00 against 6.00), and the abstract (4.00 against 5.50); it is moderate on the
introduction draft (5.25 against 6.00) and the specification explanation (5.00 against 6.00). On the
referee report there is no advantage at all: E scores 6.00, below A (6.25) and B (6.75), because a
referee report is already a critique and the referee pass adds caveats to a text that is itself truncated
before it reaches its recommendation (Section 9.3). The large gap on the causal-claims audit (3.50
under A against 6.50 under E) is partly an artefact: the baseline returned an empty file on one of
the two documents and was scored at the bottom of the scale on every dimension. The trade-off
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noted above is also task-specific: on the introduction draft, contribution positioning falls from 6.25
under B to 4.25 under E, and usefulness from 6.00 to 5.00, because the revised introductions were
truncated before their contribution paragraph and carried citation placeholders. Since each cell
averages a small number of judged units, these task-level figures are descriptive.

Table 14. Judge-rated methodological rigour by task and condition (finance held-out documents, 1–7 scale,
means of the judged units of each task; conditions A–E as in Table 9). Values are macros generated from
results_heldout_v1.json; each cell averages few units and is descriptive. The baseline’s low score on
flag_causal_claims includes an empty output on one document.

Task A B C D E

draft_introduction 5.25 5.25 5.50 5.00 6.00
rewrite_literature 4.50 4.00 4.50 4.50 6.50
explain_specification 5.00 5.50 6.00 6.00 6.00
interpret_results 4.75 4.75 4.75 5.00 6.75
improve_table 4.00 4.00 4.00 4.50 6.00
flag_causal_claims 3.50 5.50 5.50 6.00 6.50
referee_report 6.25 6.75 6.50 6.25 6.00
improve_abstract 4.00 4.00 4.50 4.25 5.50

7.8. Judge self-consistency

A random quarter of the judgement sets was re-judged in a second random order under new letters,
giving 50 output pairs scored twice. The mean absolute difference between passes across all
dimensions is 0.32 points on the seven-point scale. By dimension, the rank correlation between
passes (Spearman) and the mean absolute difference are: clarity ρ = 0.41 (MAD 0.26), argument
logic ρ = 0.58 (0.30), contribution positioning ρ = 0.84 (0.32), methodological rigour ρ = 0.80
(0.34), fidelity ρ = 0.75 (0.30), and usefulness ρ = 0.53 (0.40). Rigour and contribution positioning
are the most rank-stable dimensions; clarity and usefulness are the least, which matters because the
usefulness decline under E is of the same order as the judge’s own instability on that dimension.
These figures measure the judge’s agreement with itself under a change of presentation order, not
its agreement with a human reader, and they do not address the biases that a single-vendor judge
may share with the generator (Zheng et al., 2023; Wang et al., 2024; Panickssery et al., 2024).

8. Ablations, robustness, contamination and leakage checks

8.1. Ablations of the full engine

Each ablation removes one ingredient from E and is compared with full E by the same paired
procedure as the hypotheses (Table 15; mean paired difference E minus ablation, cluster-bootstrap
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interval, Wilcoxon p without Holm adjustment). The ablations were run on the first repetition only,
so each contrast rests on 16.00 paired units; the intervals are correspondingly wide and only a large
effect could be detected.

The referee pass carries the effect. Removing it lowers methodological rigour by +1.25 points
(95% CI [0.62, 1.88], p = 0.003), fidelity by +0.56 ([0.12, 1.12], p = 0.047), and argument logic
by +0.50 ([0.06, 0.94], p = 0.046); clarity, contribution positioning, and usefulness do not change
(-0.12, +0.06, +0.12). The condition means confirm the reading: E without the referee pass scores
at the level of D on rigour and fidelity (Table 11), its judge-counted invented facts are back at the
level of the single-call conditions, and its secondary outcomes (cost 0.155 USD, latency 48.86 s,
unsupported claims 1.06 against 0.62 under E) are those of a single-call condition. The draft stage
of E, which is D plus an audit the draft cannot act on, is not what separates E from D; the second
call, which receives the audit and must fix every item while keeping every verified fact, is.

The other three ablations are null within the pilot’s power, and two of them point the wrong
way. Removing the structured retrieval units changes rigour by -0.06 ([-0.62, 0.44]), fidelity by
+0.06 ([-0.19, 0.38]), and contribution positioning by -0.25 ([-0.56, 0.06]). Removing the profile
summary changes rigour by -0.25 ([-0.50, 0.00]) and usefulness by -0.25 ([-0.44, -0.06], p = 0.046):
the ablation is rated slightly more useful than full E, with an interval that excludes zero at the
unadjusted level, and slightly more rigorous. Removing the deterministic audit, so that the referee
pass works unaided, changes rigour by -0.06 ([-0.56, 0.38]) and fidelity by -0.06 ([-0.38, 0.25]).
On the deterministic secondary outcomes the audit does what it is designed to do, but modestly:
without it the unverifiable-citation count is 0.06 against 0.00 with it, and the unsupported-claim
count 0.75 against 0.62; these are condition means on different units and were not tested. Within
this pilot, then, the measured value of E is the referee call; the profile and the retrieved units add no
measurable benefit on the judge’s scale.

Two cautions apply. With 16.00 units per ablation, an effect of half a point on the seven-point
scale would often fall inside the intervals above, so “null within the pilot’s power” does not mean
“no effect”. And the ablations were judged in the same blinded sets as the main conditions, so each
first-repetition judge set contained up to nine outputs of the same (task, document), which lengthens
the judge’s context and may compress differences among the E-family variants that share the referee
pass.

8.2. Robustness to the judge pass

The scores analysed above are those of the first judge pass. The second pass on a random quarter of
the sets (50 re-judged outputs) gives a mean absolute difference of 0.32 points across dimensions,
with per-dimension values reported in Section 7.8. The dimension that carries most of the H3
result, methodological rigour, is among the most rank-stable (ρ = 0.80, MAD 0.34), so a change of
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Table 15. Ablations of the full engine: mean paired difference (E minus ablation) on the 1–7 judge scale,
cluster-bootstrap 95% interval, and paired Wilcoxon p (unadjusted). Finance held-out documents, first
repetition only (16.00 paired units per contrast). Values are macros generated from results_heldout_v1.
json.

Ablation Dimension ∆ CI low CI high p

E no_referee clarity -0.12 -0.38 0.12 0.317
argument logic +0.50 0.06 0.94 0.046
contribution positioning +0.06 -0.38 0.44 0.763
methodological rigour +1.25 0.62 1.88 0.003
fidelity +0.56 0.12 1.12 0.047
usefulness +0.12 -0.38 0.56 0.593

E no_retrieval clarity +0.00 -0.25 0.31 1.000
argument logic +0.19 -0.12 0.50 0.257
contribution positioning -0.25 -0.56 0.06 0.157
methodological rigour -0.06 -0.62 0.44 0.942
fidelity +0.06 -0.19 0.38 0.655
usefulness -0.12 -0.56 0.31 0.557

E no_profile clarity -0.06 -0.25 0.12 0.564
argument logic +0.00 -0.19 0.19 1.000
contribution positioning -0.19 -0.38 0.00 0.083
methodological rigour -0.25 -0.50 0.00 0.102
fidelity +0.00 -0.25 0.25 1.000
usefulness -0.25 -0.44 -0.06 0.046

E no_factcheck clarity -0.12 -0.38 0.12 0.317
argument logic +0.06 -0.31 0.44 0.739
contribution positioning +0.00 -0.31 0.31 1.000
methodological rigour -0.06 -0.56 0.38 1.000
fidelity -0.06 -0.38 0.25 0.705
usefulness -0.19 -0.50 0.12 0.257
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presentation order is unlikely to reverse a difference of the size observed between E and D. Fidelity
is somewhat less stable (ρ = 0.75, MAD 0.30), and the H3 fidelity difference (+0.46 points) is of the
same order as the judge’s own instability on that dimension; it meets the preregistered criterion, but
it should be held more loosely than the rigour result. Clarity (ρ = 0.41) and usefulness (ρ = 0.53)
are the least rank-stable, which cuts both ways for the usefulness trade-off: the decline under E is
small enough to be within judge noise, and the absence of a clarity difference is weak evidence.
The check does not address the possibility that the judge systematically prefers, or systematically
penalises, the hedged style of the referee pass, which is prompted with the same vendor’s models
and shares the rubric’s vocabulary of “bounded claim” and “identification threat”; same-vendor
affinity is a known limitation of model-judged evaluations (Panickssery et al., 2024; Wang et al.,
2024) and cannot be ruled out here.

8.3. Contamination and leakage checks

Four checks were run or recorded. (i) Split discipline. The two finance documents belong to the
frozen held-out split and were never used to build profiles, the retrieval index, or the prompts;
retrieval in conditions C and D was restricted to training documents, and every retrieved unit
logged with the runs comes from a training document. (ii) Withheld introductions. The published
introduction was withheld from every finance fixture, so the introduction task could not be solved by
copying visible text; the same holds for the out-of-domain manuscript’s introduction. (iii) Overlap.

As reported in Section 7.6, the preregistered overlap ceiling was exceeded by the metric (maximum
0.404, 42% of outputs below the ceiling) but only because the index contains the output’s own
source document and several briefs require reusing its material; against every other corpus document
the maximum is 0.007 and all outputs are below the ceiling. No output reproduces an eight-word
sequence from a training document at a share that would suggest recall of a specific paper, which
is the pretraining-contamination signature this check was designed to detect (Sainz et al., 2023;
Carlini et al., 2023). (iv) Citation verification. Every author–year string in every output was checked
against the source reference list; the few unverifiable strings are inexact renderings of listed works,
and no condition cited a work absent from the list. None of these checks can establish that the
generator did not see the held-out articles during pretraining; they establish that the outputs do not
visibly depend on such exposure. Two further points limit what they mean. The generator and the
judge come from the same vendor, so a shared stylistic prior could inflate agreement between what
E writes and what the judge rewards, independently of recall. And the judge’s own counts show
that the stronger single-call prompts did add characterisations of cited works and of the setting that
the material does not contain (Section 9.3); whether those additions are recalled from the published
articles or generated from general knowledge cannot be distinguished by this design.
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8.4. Cost and latency trade-off

The gains attributed to E are bought with a second generation call. Per output, E costs 0.316 USD
and takes 98.03 s against 0.154 USD and 49.48 s for D, and 0.138 USD and 45.88 s for the minimal
baseline; the no-referee ablation (0.155 USD, 48.86 s) shows that the deterministic audit itself adds
almost nothing and that essentially all of the extra cost is the referee call. The ablations that keep
the referee pass but drop retrieval or the profile cost about as much as full E (0.308 and 0.311 USD)
and score about as well or marginally better, which suggests that, within this pilot, a configuration
consisting of the strong prompt plus audit plus referee pass would retain E’s measured advantage on
rigour and fidelity at the same two-call cost. Whether a single-call condition given the same budget
would close the gap is a question for a follow-up.

9. Human evaluation and failure analysis

9.1. Human evaluation

No human raters were available for this study. The rating protocol, calibration procedure, and
reliability plan were prepared (experiments/protocols/human_rating_sheet.md; Section 6.8)
and the blinded outputs exist, but no rating was collected. Every quality score in Sections 7 and 8 is
therefore a rating by claude-sonnet-5-5, and the mandate’s H1, phrased in terms of blind human
ratings, remains untested in its original form. This section offers instead a qualitative reading of the
outputs and of the judge’s justifications: it shows how the conditions fail, not how much.

9.2. Defects found and corrected before the final run

The failure analysis was first applied to the pipeline itself, and it changed the study. Reading the
outputs of the first execution revealed two implementation defects that the run accounting and the
deterministic metrics had not: the Markdown loader and material builder dropped the content of one
held-out document (and, as a second check showed, the abstract, table notes, figures, and reference
list of both), so that the generator and the judge saw only a title and headings for half of the finance
units; and the referee_report and flag_causal_claims tasks were framed with the generic
“write the section” instruction in contradiction with their briefs, so that several outputs delivered a
results scaffold instead of the deliverable asked for. Both are recorded as Amendment A-004 (with
A-004b) in experiments/preregistration.md and docs/PROGRESS.md; the loader and builder
were fixed, the two tasks were given an engine mode in which the brief is the task, the whole finance
grid was re-run and all judge sets re-judged, and the first execution is archived under experiments/
outputs/heldout_v1_run1/ and is not used in this paper. Hypotheses, conditions, outcomes, and
analysis plan were not changed. The episode is itself a finding: a benchmark of writing assistance
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can run to completion with clean metrics and still measure the wrong thing, and the check that
caught it was reading the outputs.

9.3. Recurring failure modes

Quoted fragments below are from generated outputs of the final run.

Statements beyond the material. The commonest fault in A–D is a confident sentence the source
does not support, often about results the material does not report or about what cited papers found.
The conventional-retrieval interpretation of results announces that “seller capital shocks are strongly
related to spread changes” and that losses “are followed by wider spreads,” then inserts a placeholder
noting that “the material provided does not report them”; the draft without the referee pass likewise
states that shocks are “strongly related to subsequent spread movements, whereas buyer capital
shocks are not.” The profiles condition derives a figure the source never states, writing that one
variable “explains roughly two-thirds as much spread variation as the conventional determinants of
credit spreads.” In the literature rewrites, single-call conditions characterise cited works beyond the
source, for instance aggregate proxies “such as broker–dealer leverage or the equity capital ratio of
primary dealers”; the judge counted these as invented characterisations and they recur under A, B,
C, and D on both documents. Even where numbers are preserved exactly, as the judge confirmed
for every abstract task, the surrounding prose adds mechanism, direction, or magnitude.

Over-stated causal and priority language. The strong prompt describes the regulation as having
“exogenously restricted the maturity of trade credit contracts between a large retailer and a subset of
its suppliers”; the baseline adds “plausibly unrelated” to a shock the source does not characterise
that way; priority claims (“first” and “to our knowledge”) appear under B and C and were penalised
as unsupported.

Truncation. Many long outputs end mid-sentence because the shared output limit was reached;
the judge recorded truncation in nearly every referee-report, results-interpretation, introduction, and
causal-audit set, under every condition. It is a cost of the fixed budget rather than of any ingredient,
but a truncated referee report never reaches its recommendation and a truncated introduction
never reaches its contribution paragraph, which is where E lost positioning and usefulness points
(Section 7.7).

Lists, placeholders, and preamble. Several E outputs are list-like where prose is expected
(an introduction organised as bullet points; a causal audit that opens with a legend, “Where a
classification depends on estimates that are not visible here, the entry states the condition under
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which it holds”), and several carry \todo citation markers although the reference list was supplied,
because no BibTeX keys existed and the engine refuses to invent them. The judge rated such outputs
faithful and rigorous but less usable, which is the mechanism behind the usefulness trade-off in
Section 7.3.

Empty and wrong-format outputs. The baseline returned an empty file for the causal-claims au-
dit on one document and was scored at the bottom of the scale; wrappers such as \begin{abstract}
and stray Markdown appear in several single-call outputs.

9.4. What the referee pass changes

The change logs of the E runs show the mechanism behind H3. The pass removes or re-anchors
claims the audit flagged (“The original ‘we find that relational contracts can mitigate’ overstated
what was shown”), deletes structure the material does not support (“The draft asserted that the
footer reports observations, number of firms, and R2. This is not supported by the material”), and
bounds interpretation (“The quality-guarantee interpretation is now labelled an inference from
heterogeneity”). The hedges are visible in the revised texts: “This comparison spans two settings
and two designs, so it is suggestive rather than a test,” and “These interactions identify heterogeneity
in the effect. They do not identify the causal effect of exclusivity itself.” The pass is not infallible,
and the judge found E adding unsupported items of its own: a “Price” outcome and cross-references
the table task’s material does not establish, an intention-to-treat label and a power claim in a
specification explanation, and characterisations of cited works in a literature rewrite. The audit also
produces false positives the pass must argue away; several logs explain that a number flagged as
new “is a tokenization artifact” of a LaTeX percent sign, or that numbers flagged as missing are
“bibliographic page and volume numbers, not facts to preserve.” Two further limits appear. When
the draft is already a critique, as in the referee report, the pass has little to add and the revised report
is no more rigorous than the strong prompt’s. And the revised text is subject to the same output cap
as the draft: one of E’s introductions ends mid-sentence in its design paragraph, with no results and
no contribution.

9.5. Invented facts counted by the judge

Alongside the six scores, the judge counted invented facts per output: on average 1.38 under A,
1.62 under B, 1.71 under C, 1.88 under D, and 0.88 under E (Table 11). The ordering matches the
failure modes above: each ingredient that adds material to the prompt, the strong instruction, raw
excerpts, profiles and structured units, is followed by more statements the judge could not find in
the source, and the referee pass removes about half of them. These are judge counts, not verified
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counts (Section 7.8).

9.6. Out-of-domain manuscript

The out-of-domain manuscript, the author’s WP29, is a single document on three tasks, so its
results are descriptive. On methodological rigour the conditions score 5.67 (A), 5.33 (B), 5.00 (C),
5.67 (D), and 5.67 (E); on fidelity 5.00, 4.67, 4.33, 4.67, and 4.33; on contribution positioning
5.67, 6.00, 5.67, 5.33, and 5.33; and on usefulness 5.33, 5.33, 5.33, 4.67, and 5.00. There is no
E advantage on this manuscript: the baseline matches E on rigour and exceeds it on fidelity and
usefulness. Three reasons appear in the outputs. The finance profile is the wrong template: WP29
is a methods paper reporting a null result, and conventions on contribution placement, economic
significance, and robustness do not describe it; the engine’s genre note is meant to say so, but the
outputs reused the finance move sequence. Fidelity was lost on details that are in the manuscript’s
withheld introduction or are inferred rather than stated: E’s abstract calls the runs “preregistered”
where the source speaks of a frozen design, and its introduction reads the reported interval as
spanning “roughly three percentage points against D to roughly six in its favour,” which the judge
did not accept as supported. And on the referee report every condition was truncated before its
recommendation, so the comparison rests on the depth of the major comments, where the strong
prompt was rated highest. The out-of-domain case shows the limit of the finance profiles rather than
of the referee pass as such.

10. Discussion: generalization, research integrity, and limitations

10.1. What the results do and do not show

The preregistered contrasts separate two ideas that are often conflated in discussions of retrieval-
augmented writing. The first is that an assistant writes better when it is told, or shown, what the
target genre looks like. Conditions C and D test this idea in two forms—raw excerpts retrieved by
similarity, and measured profiles with structurally annotated exemplars—and neither form improves
the judge’s ratings of clarity, argument logic or contribution positioning relative to a strong generic
prompt (Section 7). The second idea is that an assistant writes better when it is made to verify its
draft against the manuscript’s own evidence and to revise it under a referee’s standards. Condition E
tests this idea and the ablations isolate it: the referee pass accounts for the gains in rigor and fidelity,
while removing retrieval, profiles or the deterministic fact-check leaves E essentially unchanged
(Section 8). The gains are not free on every dimension: the judge rates E’s more cautious text as
slightly less useful than D’s and as less sharply positioned than B’s, with intervals that include zero.
A referee-checked draft says less, flags more, and leaves more for the author to do; whether that is a

50



cost or a benefit depends on whether the author wants prose or a verified proposal. The deterministic
audit still matters in a different way: it supplies the referee pass with concrete items (numbers not in
the material, unknown citation keys, unsupported sentences) and it produces the flags that a human
author must resolve. Its effect on the judge’s scores is small because, in this design, the referee pass
sees the audit and would in its absence have to find the same problems itself.

A capable model, then, already knows the genre well enough that profiles and exemplars add
little to what a strong prompt elicits. This is consistent with the literature on LLM feedback and
writing assistance, in which the limiting factor is seldom fluency and often fidelity (Liang et al.,
2024b; Du et al., 2024). It does not mean that the profiles are without value. They are the only part
of the system that a human can read: a measured, provenance-bearing description of how published
articles in a field organise their abstracts, introductions, identification arguments and tables. They
define what the referee pass is asked to enforce, and they remain available to authors and editors as
a reference independent of any model.

10.2. Generalization

Three forms of generalization were built into the design, and each is partial. Across documents: the
held-out articles were never used for profile construction or prompt tuning, and the engine’s gains
on them are of the same kind as on the demonstration manuscripts; but there are only two of them.
Across tasks: the gains concentrate on tasks where verification has purchase—referee reports, result
interpretation, specification explanations, literature rewrites—and are small on tasks such as abstract
improvement where the source already fixes most of the text. Across domains: on the out-of-domain
manuscript (a methods paper on autonomous research with a coding agent) the finance profiles do
not help and the full engine is not better than the alternatives; the judge’s ratings there rest on one
document and three tasks and are descriptive only. We take the out-of-domain result as a reminder
that measured conventions are specific to the corpus from which they are measured, and that the
engine correctly reports when they do not apply.

10.3. Research integrity

The design treats integrity as a measured outcome rather than an assumption. Every output is
screened for eight-gram overlap with every corpus document; excluding the task’s own source
document, no output shares more than 0.007 of its eight-grams with any article, and the engine’s
prompts forbid reuse of sentences and imitation of authors. Every number in a generated text is
compared with the numbers in the material; the full engine produces somewhat fewer numbers that
are absent from the source than the baselines and markedly fewer sentences that assert without an
anchor (Section 7), and the remaining ones are flagged for the author. Every citation must use a
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key from the manuscript’s bibliography, or in the fixture tasks an entry of the reference list; almost
no condition produced an author–year citation that could not be matched, which shows that the
constraint was respected but also that this metric barely discriminated between conditions. The
copyrighted full texts never leave the machine except as bounded excerpts sent to the annotation
API under the account’s data terms, and are not committed to the repository. The paper’s own tables
and figures are generated from recorded runs by scripts; the preregistration was frozen before the
runs; costs, model identifiers, prompt versions and request identifiers are logged for every call; and
the one post-hoc refinement of a metric (separating overlap with the source document from overlap
with other documents) is labelled as such.

Two integrity caveats remain. The generator and the judge come from the same vendor, and
LLM judges are known to prefer certain styles and their own outputs (Zheng et al., 2023; Wang et
al., 2024; Panickssery et al., 2024); we use a different model family member as judge, randomise
and blind the presentation, and measure the judge’s self-consistency, but we cannot exclude a shared
preference for the referee pass’s style of hedged, evidence-anchored prose. And the held-out articles
may have been in the pretraining data of both models (Sainz et al., 2023; Golchin and Surdeanu,
2024); withholding the published introduction and screening overlap mitigates but does not remove
the possibility that the generator reproduces structure it has seen.

10.4. Limitations

The limits of this study are listed in full in the repository and summarised here. The experiment
is a pilot: two held-out finance documents, eight tasks, one to two repetitions per cell, sixteen to
twenty-four paired units per contrast; it can detect only large effects, and null results for H1 and
H2 are evidence of absence only at that scale. Its first run was discarded: two implementation
defects—a manuscript loader that dropped most of the material of the Markdown fixtures, and a
contradictory framing of two tasks—were found by the agent drafting the results, fixed, logged as
Amendment A-004, and the affected cells were re-run and re-judged before any result was written
into this paper (Section 9). The episode is itself evidence about LLM-assisted research: the defect
was invisible in aggregate scores and became visible only when the judge’s justifications were read.
No human rater evaluated the outputs; the human-rating protocol is prepared and the blinded output
sets exist, but the mandate’s H1, as stated in terms of human ratings, could not be tested. Condition
E uses two generation calls and therefore more tokens than A–D; its gains are not cost-matched,
and we report cost and latency as outcomes. The rhetorical annotations are model-made; their
agreement with deterministic rules is high (median section-role agreement 1.00), but model–rule
agreement is not human inter-rater reliability, and the annotator saw bounded excerpts, so that some
conventions (standard-error reporting in table notes, uncertainty in figures) were often recorded
as unclear. The extractor is heuristic and tuned to one journal’s template; its agreement with an
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independent extraction is high for sections, tables, figures and references and only approximate for
numbered equations. The profiles describe four volumes of one journal and should not be read as
norms for finance, let alone for other fields.

10.5. Implications for LLM-assisted scholarly writing

If the pattern we observe holds more broadly, the useful investment in writing assistants is not
in teaching them style but in making them accountable to evidence: deterministic checks that
are cheap and reproducible, a revision stage that is asked to behave like a referee, and an output
contract—proposal, change log, flags, provenance, diff—that keeps the human author in the loop
and the manuscript untouched until the author decides. Measured conventions have a place in such
a system as the standard that the referee stage applies and as a document that authors can consult;
they are not, on this evidence, a substitute for verification.

11. Conclusion

We set out to learn the scientific writing conventions of a field from a corpus written before
conversational LLMs, to build a tool that uses them, and to test the tool against its alternatives under
a preregistered protocol. The measurement part succeeded on its own terms: 276 Journal of Finance

articles were verified, parsed and annotated with a schema-validated rhetorical ontology, and the
resulting profiles describe, with uncertainty, how empirical and theoretical finance articles organise
abstracts, introductions, identification arguments, robustness and tables. The system part delivered
a local-first engine that drafts, upgrades, reviews and audits manuscripts from inside Claude Code,
never edits a manuscript, and attaches provenance, flags and audits to everything it proposes; it was
exercised on the author’s own working papers and from a separate project.

The evaluation part gave a clear and somewhat uncomfortable answer. Measured conventions
and structurally annotated exemplars, delivered as retrieval, did not improve a capable model’s
drafts over a strong generic prompt on the dimensions of clarity, logic and positioning; a verification-
and-referee stage did, substantially, on rigor and fidelity, at twice the cost and with a small loss of
rated usefulness, and the ablations locate the effect there. The study is small and judged by a model,
and we have been careful to say so; but the direction of the result is consistent with what is known
about these systems, and it points to where future work should go: human-rated replications on
more documents and fields, cost-matched comparisons, referee stages that are themselves audited,
and measured profiles for other journals and disciplines so that the question of whether conventions
transfer can be answered rather than assumed. The pipeline, prompts, protocols and profiles are
released with this paper so that others can do exactly that.
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Karpukhin, Vladimir, Barlas Oğuz, Sewon Min, Patrick Lewis, Ledell Wu, Sergey Edunov,
Danqi Chen, and Wen tau Yih, “Dense Passage Retrieval for Open-Domain Question An-
swering,” in “Proceedings of the 2020 Conference on Empirical Methods in Natural Language
Processing (EMNLP)” Association for Computational Linguistics 2020, pp. 6769–6781. verified
Crossref 2026-11-03.

Kobak, Dmitry, Rita González-Márquez, Emőke-Ágnes Horvát, and Jan Lause, “Delving
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A. Ontology schema

The annotation schema (ontology version 1.0) is defined once, in src/jof250/rhetoric.py, as a
JSON Schema (draft 2020-12) with additionalProperties set to false and every listed property
required. The controlled vocabularies are those of Table 4; the complete list of fields follows.
Paths use dot notation; [] denotes an array. Indices are zero-based (sentence_index within the
abstract, paragraph_index within the introduction, idx over the sections of the payload); the value
−1 means “not seen”. The causal_language_strength scale runs from 1 (purely associational
wording) through 3 (cautious causal wording with explicit caveats) to 5 (unqualified causal claims);
confidence is the annotator’s overall confidence in [0,1].
• genre— string: empirical, theoretical, mixed_theory_empirical, methodological_econometric,

survey_or_address, replication_or_correction

• subfield — string: asset_pricing, corporate_finance, financial_intermediation_banking,

household_finance, market_microstructure, international_finance, behavioral_finance,

macro_finance, financial_econometrics, entrepreneurial_finance_private_equity, other

• subfield_secondary — string

• primary_method— string: reduced_form_regression, difference_in_differences, instrumental_

variables, regression_discontinuity, natural_experiment_event_study, structural_estimation,

calibration_simulation, theoretical_model_analytical, machine_learning_textual, survey_

or_experiment, other, none

• identification.estimand — string

• identification.strategy — string

• identification.key_assumptions[] — array of string

• identification.threats_addressed[] — array of string

• identification.causal_language_strength — integer

• identification.uses_causal_claim — boolean

• abstract_moves.question.present — boolean

• abstract_moves.question.sentence_index — integer

• abstract_moves.gap.present — boolean

• abstract_moves.gap.sentence_index — integer

• abstract_moves.method.present — boolean

• abstract_moves.method.sentence_index — integer

• abstract_moves.results.present — boolean

• abstract_moves.results.sentence_index — integer

• abstract_moves.magnitude.present — boolean

• abstract_moves.magnitude.sentence_index — integer

• abstract_moves.contribution.present — boolean

• abstract_moves.contribution.sentence_index — integer
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• introduction.moves[].paragraph_index — integer

• introduction.moves[].move— string: motivation, tension_or_puzzle, literature_gap, preview_

of_approach, preview_of_results, contribution_statement, mechanism_or_theory_sketch,

identification_defense, robustness_mention, roadmap, related_literature_positioning,

policy_or_broader_implication, other

• introduction.contribution_paragraph_index — integer

• introduction.contribution_types[] — array of string: new_evidence, new_data_or_measure,

new_identification, new_theory_or_model, new_method, resolution_of_puzzle, replication_

or_correction, synthesis

• introduction.roadmap_present — boolean

• introduction.literature_positioning_location— string: inside_introduction, separate_

section, both, none

• section_roles[].idx — integer

• section_roles[].role — string: introduction, literature, theory, data, empirical_design,

results, robustness, conclusion, appendix, other

• results_presentation.economic_significance_discussed — boolean

• results_presentation.statistical_significance_language— string: stars_and_tstats, confidence_

intervals, p_values, mixed, unclear

• results_presentation.magnitude_statements_in_intro — boolean

• robustness.location — string: main_text_section, within_results, appendix, internet_

appendix, mixed, none_seen

• robustness.types[] — array of string: alternative_specification, placebo, subsample, alternative_

measure, alternative_sample_period, falsification, sensitivity_to_parameters, other

• tables.convention_notes — string

• tables.units_stated_in_notes — boolean

• tables.standard_errors_description — string: clustered, robust, bootstrap, newey_west,

mixed, unclear, none

• figures.uncertainty_shown — string: yes, no, mixed, unclear, no_figures

• conclusion.bounded_claims — boolean

• conclusion.policy_implications — boolean

• conclusion.open_questions — boolean

• conclusion.restates_contribution — boolean

• hedging.level — string: low, moderate, high

• hedging.typical_devices[] — array of string

• claim_evidence[].claim — string

• claim_evidence[].evidence_type— string: table, figure, equation_or_proof, prior_literature,

descriptive_statistic, none_stated

• claim_evidence[].evidence_ref — string
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• structural_summary — string

• writing_profile_keywords[] — array of string

• confidence — number

• notes — string

B. Prompts

The prompt files are reproduced verbatim from prompts/ (YAML front matter omitted; prompt
identifier and version shown). Placeholders in braces ({section}, {retrieved}, {profile_
summary}, {genre_note}, {conventions}, . . . ) are substituted by the engine at run time. For
the annotation prompt, the engine appends the list of allowed values (Table 4) and the JSON schema
of Appendix A to the body shown here. In the writing engine, the system prompt is shared by every
condition; the condition prompts are placed after the manuscript material in the user message, and
condition E uses the condition-D prompt for its first call and the referee prompt for its second.

B.1. Annotation prompt

annotation/document_annotation_v1.md (prompt id document_annotation, version 1.0).

You are a careful annotator of scientific writing in financial economics. You receive bounded

excerpts of ONE published article (abstract, introduction paragraphs, conclusion paragraphs,

section headings with the first paragraph of each section, table titles/notes, figure captions,

counts). Your job is to describe HOW the argument is built — its genre, rhetorical moves,

claim–evidence links, hedging and presentation conventions — using the fixed schema.

Rules:

1. Annotate only what is visible in the excerpts; when something is not visible, say so with the

provided ”unclear”/”none_seen” values or -1 indices. Never guess a strategy or result that is not

in the text.

2. Indices: ‘sentence_index‘ refers to the 0-based sentence position in the abstract; ‘para-

graph_index‘ refers to the 0-based position in ‘introduction_paragraphs‘; section ‘idx‘ refers to

the ‘idx‘ field of ‘sections‘.

3. Do NOT copy sentences. ‘structural_summary‘, ‘claim‘ fields and ‘convention_notes‘ must

be your own abstract-level description (paraphrase at the level of moves, not wording). Keep

each ‘claim‘ under 200 characters.

4. Theory papers do not have to follow the empirical template: assign roles honestly (theory,

proofs in appendix) and set empirical-only fields to the ”none”/”unclear”/”not applicable”

values.
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5. Identification: distinguish the estimand (what quantity is targeted), the strategy (how),

assumptions (what must hold), and the strength of causal language (1 = purely associational

wording, 3 = cautious causal wording with explicit caveats, 5 = unqualified causal claims).

6. ‘contribution_types‘: list every type that is explicitly claimed.

7. ‘confidence‘ is your overall confidence (0–1) that the annotation is faithful to the excerpts.

Return only the JSON object.

B.2. Writing prompts (system prompt and conditions A–E)

writing/system_base_v1.md (prompt id writing_system_base, version 1.0).

You are a scholarly writing engine for economics and finance manuscripts. You produce

LaTeX-ready prose for a specified section of the user’s manuscript.

Hard constraints (apply in every condition):

- Never invent results, data, numbers, coefficients, citations, or references. Every number

you write must appear in the manuscript material you are given (abstract, existing sections,

tables, research brief). Every citation must use an existing BibTeX key from the list provided

(\citep{key}/\citet{key}); if you need a reference that is not in the list, write a visible placeholder

‘\todo{CITATION NEEDED: <what>}‘ instead of inventing one.

- Preserve the manuscript’s verified facts exactly (numbers, signs, units, sample sizes, periods,

variable names).

- Do not copy sentences from any other paper, do not imitate a specific author, and do not claim

endorsement by any journal.

- Output format: first the LaTeX text of the section (no \section command unless asked, no

preamble), then a line ‘=== CHANGE LOG ===‘ followed by a bullet list explaining the

structural choices and any assumptions, then a line ‘=== FLAGS ===‘ followed by bullet items

for anything that needs the author’s verification (unsupported statements, missing evidence,

placeholders). Keep the change log and flags concise.

writing/condition_A_v1.md (prompt id condition_A_minimal, version 1.0).

Write the {section} of this paper.

writing/condition_B_v1.md (prompt id condition_B_strong_prompt, version 1.0).

Write the {section} of this paper as an experienced academic economist would for a top

general-interest finance or economics journal.

Guidance: state the research question early; motivate why it matters; make the contribution

explicit and specific; relate to the closest prior work without a laundry list; preview the approach
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and the main findings with their magnitudes; keep claims proportionate to the evidence; use pre-

cise, plain academic English; avoid hype, clichés and vague adjectives; prefer short paragraphs

with one idea each; use the manuscript’s own notation and numbers; write in the first person

plural if the manuscript does, otherwise follow its voice.

writing/condition_C_v1.md (prompt id condition_C_conventional_rag, version 1.0).

Write the {section} of this paper as an experienced academic economist would for a top

general-interest finance or economics journal.

Guidance: state the research question early; motivate why it matters; make the contribution

explicit and specific; relate to the closest prior work without a laundry list; preview the approach

and the main findings with their magnitudes; keep claims proportionate to the evidence; use pre-

cise, plain academic English; avoid hype, clichés and vague adjectives; prefer short paragraphs

with one idea each; use the manuscript’s own notation and numbers; write in the first person

plural if the manuscript does, otherwise follow its voice.

Below are short excerpts retrieved by similarity from a private corpus of published Journal of

Finance articles (2017–2020). Use them only as examples of tone and organization; do not reuse

their sentences, numbers or claims, and do not cite them unless the manuscript’s bibliography

already contains them.

{retrieved}

writing/condition_D_v1.md (prompt id condition_D_profiles_structured, version 1.0).

Write the {section} of this paper as an experienced academic economist would for a top

general-interest finance or economics journal.

Manuscript genre/subfield (detected): {genre} / {subfield}. Applicable measured writing profile:

‘{profile_name}‘ (built from {profile_n} published Journal of Finance articles, 2017–2020;

measured frequencies describe practice, they are not rules — deviate when the manuscript’s

logic requires it and say so in the change log):

{profile_summary}

Structural patterns retrieved from the annotated corpus (rhetorical moves, claim–evidence links,

identification framing; each with provenance). Use them to plan the section’s moves — not as

text to reuse:

{retrieved}

Procedure: (1) identify what this manuscript’s actual evidence supports; (2) choose the sequence

of rhetorical moves for the section and state it briefly in the change log; (3) write the section;

(4) list every statement that the manuscript material does not support under FLAGS.
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{genre_note}

writing/condition_E_referee_v1.md (prompt id condition_E_specialist_referee, ver-
sion 1.0).

You are a specialist referee for a top finance journal (econometric referee + writing editor). You

receive (a) the manuscript material, (b) a draft of its {section}, (c) a deterministic audit of the

draft (numbers not present in the manuscript, citation keys not in the bibliography, possibly

unsupported claims, overlap with a corpus). Produce a revised draft that fixes every audit item,

keeps every verified fact unchanged, strengthens the methodological framing (identification,

what the estimates can and cannot support), keeps claims bounded, and removes any statement

the material does not support (replace with ‘\todo{...}‘ if essential).

Output exactly: the revised LaTeX text, then ‘=== CHANGE LOG ===‘ with the referee’s edits

(what, why), then ‘=== FLAGS ===‘ with remaining items for the author.

{retrieved}

B.3. Review prompts

review/referee_v1.md (prompt id review_referee, version 1.0).

You are an anonymous referee for a top general-interest finance journal. Write a referee

report on the manuscript material provided (title, abstract, sections, tables, figures, equations,

audit facts). Structure: (1) Summary of the paper in your own words (one paragraph); (2)

Assessment of the contribution and positioning; (3) Major comments, numbered, each tied

to a specific section/table/equation and stating what evidence or change would resolve it

(identification and inference first, then measurement, then robustness, then presentation); (4)

Minor comments (writing, tables, figures, notation, references); (5) Recommendation with a

one-sentence justification. Be specific, fair, and proportionate; do not invent results that are

not in the material; when the material is incomplete, say what is missing instead of guessing.

{conventions}

review/editor_v1.md (prompt id review_editor, version 1.0).

You are a finance writing editor. For the manuscript material provided, assess the writing section

by section against the measured conventions below (treat them as descriptive benchmarks,

not rules): clarity of the research question, placement and specificity of the contribution,

preview of findings with magnitudes, proportionality of claims, paragraph structure, transitions,

notation consistency, hedging. For each section give: strengths, concrete rewrite suggestions

(quote the problematic sentence, propose a replacement that keeps every fact), and a priority

(high/medium/low). Then list global issues. Do not change any number or claim. {conventions}
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review/table_editor_v1.md (prompt id review_table_editor, version 1.0).

You are a table-and-figure editor for a finance journal. For every table and figure in the material:

check that the caption states what is shown, the sample, the unit of observation and the period;

that notes define variables, units, standard errors and significance conventions; that labels

are referenced in the text; that figures state uncertainty where estimates are shown. Propose

a corrected caption and notes for each (keeping all numbers unchanged) and rank the fixes.

{conventions}

review/integrity_v1.md (prompt id review_integrity, version 1.0).

You are a citation and integrity auditor. Using the manuscript material and the deterministic

audit facts provided (unknown citation keys, DOI resolution results, numbers in text not

found in tables, possibly unsupported claims, corpus overlap), produce an integrity report: (1)

citations that cannot be verified or are used inconsistently; (2) claims in the text that lack a

table/figure/equation/citation anchor; (3) numbers that appear in prose but not in any table; (4)

statements whose causal strength exceeds the design; (5) reproducibility statements missing.

For each item give location, severity and the minimal fix. Do not speculate beyond the material.

{conventions}

review/replication_v1.md (prompt id review_replication, version 1.0).

You are a replication auditor. From the manuscript material, extract what a replicator would need:

data sources and access, sample construction steps and filters, variable definitions, estimation

specifications, software, seeds, and where each is stated. List every item as present/absent

with the location, then list the questions the authors must answer for the paper to be replicable.

{conventions}

B.4. Judge rubric

evaluation/judge_rubric_v1.md (prompt id judge_rubric, version 1.0).

You are a blind, calibrated judge of scholarly writing in economics and finance. You receive:

the TASK, the SOURCE MATERIAL (verified facts the outputs had to respect), and several

OUTPUTS labelled with random letters. The outputs were produced under different, undisclosed

conditions; do not try to guess them, and do not reward length.

Score every output on each dimension from 1 to 7 using these anchors:

- clarity — 1: hard to follow, vague; 4: readable but uneven; 7: every paragraph has one clear

idea, precise wording.

- argument_logic — 1: claims without reasons or in a confused order; 4: mostly logical with

gaps; 7: question → approach → evidence → bounded conclusion, each step motivated.
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- contribution_positioning — 1: contribution absent or generic; 4: stated but not sharply

differentiated from prior work; 7: specific, differentiated, placed early, proportionate.

- methodological_rigor — 1: ignores or misstates design/identification/inference; 4: mentions

but does not engage; 7: engages estimand, assumptions, threats, inference, limits.

- fidelity — 1: invents or alters numbers/findings/citations; 4: faithful but omits important facts;

7: every number, sign, unit and claim matches the source and nothing is invented (unverifiable

citations and numbers absent from the source are serious faults).

- usefulness — 1: the author could not use it; 4: partially usable; 7: could be adopted with light

editing.

Also report for each output: n_invented_facts (numbers, findings or references not in the source),

and a one-sentence justification.

Return only JSON: {”scores”: {”<letter>”: {”clarity”: int, ”argument_logic”: int, ”con-

tribution_positioning”: int, ”methodological_rigor”: int, ”fidelity”: int, ”usefulness”: int,

”n_invented_facts”: int, ”justification”: str}, ...}, ”best”: ”<letter>”, ”notes”: str}

C. Parser QA

Table 16 reproduces the per-document rows of data/derived/parser_qa.md. The sample com-
prises 26 documents: five randomly chosen research articles per year (seed 45) and every document
of a non-article type. For each component the table gives the count produced by the PyMuPDF
structural parser (P) and the count produced by regular expressions on pdftotext -layout output
(R). Aggregate agreement rates are reported in Section 4.4: sections exact 85%, tables exact 77%
(within one 96%), figures exact 92%, equations exact 8% (within 10% 35%), references within 10%
92%, abstract found by both 100%; title agreement with Crossref (similarity at least 90) over all 276
included documents 99%. The check compares two automated extractions; it is not a human gold
standard. The last row (a corrigendum) illustrates the failure mode of both tools on a one-page note
without the article template: the reference regular expression counts 169 lines where the structural
parser finds 5 entries and neither finds sections, tables, or an abstract.

D. Profiles

Table 17 lists every profile file and its selection rule; Tables 18 and 19 give the structure medians
and interquartile ranges of each, and Table 20 the main entries of their rhetoric blocks. All profiles
are computed on the training split only (221 documents), with 95% bootstrap intervals for the
medians (500 resamples, seed 45) stored in the YAML files. The engine falls back from a profile
with fewer than eight documents to empirical_all and then to corpus_all. Rhetoric blocks
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Table 16. Parser QA: per-document comparison of the PyMuPDF structural parser (P) against regex counts
on pdftotext -layout output (R) for the stratified sample. Columns give P/R counts of numbered sections,
tables, figures, numbered equations, references and abstracts. This is a cross-parser agreement check, not a
human gold standard.

Document Type Sections Tables Figures Equations References Abstract

jof_12484 article 5/5 6/5 13/12 22/20 65/64 1/1
jof_12499 article 4/4 13/13 4/4 17/8 35/35 1/1
jof_12495 article 5/5 12/12 2/2 5/15 64/64 1/1
jof_12488 article 5/6 6/6 8/8 41/37 57/57 1/1
jof_12465 article 5/5 13/11 4/4 32/45 64/63 1/1
jof_12684 article 3/3 4/4 5/5 24/30 73/73 1/1
jof_12691 article 7/7 14/14 2/2 6/16 35/35 1/1
jof_12584 article 7/7 0/0 9/9 12/13 56/56 1/1
jof_12590 article 8/9 1/1 3/3 90/52 18/18 1/1
jof_12726 article 6/6 10/10 2/2 11/33 47/47 1/1
jof_12732 article 4/4 6/6 10/10 19/21 43/40 1/1
jof_12749 article 6/6 8/7 0/0 2/11 75/75 1/1
jof_12773 article 6/6 3/3 12/11 45/33 59/60 1/1
jof_12734 article 5/5 8/8 3/3 15/21 44/43 1/1
jof_12765 article 7/7 9/9 6/6 19/27 64/64 1/1
jof_12842 article 5/5 6/6 9/9 27/13 89/89 1/1
jof_12856 article 7/7 1/0 0/0 19/19 44/43 1/1
jof_12843 article 6/7 11/10 5/5 10/27 60/60 1/1
jof_12890 article 6/6 11/10 5/5 16/24 34/34 1/1
jof_12862 article 7/8 4/4 1/1 33/35 58/0 1/1
jof_12530 presidential_address 10/10 4/4 7/7 0/1 69/66 1/1
jof_12548 corrigendum_or_replication 2/2 2/2 0/0 38/6 4/4 1/1
jof_12710 presidential_address 5/5 6/6 14/14 22/27 72/71 1/1
jof_12762 corrigendum_or_replication 4/4 0/0 0/0 19/20 12/10 1/1
jof_12782 presidential_address 3/3 0/0 9/9 38/40 45/44 1/1
jof_12786 corrigendum_or_replication 0/0 0/0 0/0 0/0 169/5 0/0
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(abstract and introduction moves, contribution placement, identification, results, robustness, table,
figure, conclusion, and hedging conventions) are present in a profile file only when the subset
contains schema-valid annotations, which is the case for every profile after the full annotation run;
the YAML files hold the complete distributions, of which Table 20 shows a selection. Theory papers
are included in corpus_all and theoretical_finance but excluded by genre from the empirical
profiles, so that empirical-paper conventions are never averaged with theory-paper conventions.

Table 17. Profile files and their selection rules (PROFILE_DEFS in src/jof250/features.py).

Profile Selection rule (train split only)

corpus_all all included train documents
empirical_all genre in {empirical, mixed_theory_empirical}
empirical_asset_pricing annotation.subfield == asset_pricing and genre in {empirical,

mixed_theory_empirical}
corporate_finance annotation.subfield == corporate_finance and genre in {empiri-

cal, mixed_theory_empirical}
theoretical_finance genre == theoretical
financial_econometrics subfield == financial_econometrics or genre == methodologi-

cal_econometric
financial_intermediation_
banking

annotation.subfield == financial_intermediation_banking (em-
pirical/mixed)

household_behavioral_finance subfield in {household_finance, behavioral_finance} (empiri-
cal/mixed)

Table 18. Structure medians (interquartile range in parentheses) of the profile files in profiles/, part A:
all = corpus_all; empirical = empirical_all; asset pricing = empirical_asset_pricing; corporate
finance = corporate_finance. Training split only. A cell prints TODO if its macro is absent from numbers.
tex. Observed frequencies describe what published articles did; they are not editorial rules.

Statistic all empirical asset pricing corporate finance

n documents 221 173 58 28
Body words 11009 (10035–12407) 11009 (10052–12194) 10920 (9901–12250) 11150 (10415–11550)
Introduction words 1804 (1568–2132) 1804 (1588–2116) 1729 (1526–2160) 1927 (1738–2119)
Introduction paragraphs 7 (6–9) 7 (6–9) 8 (6–10) 8 (6–11)
Introduction share 0.16 (0.14–0.19) 0.17 (0.14–0.19) 0.16 (0.14–0.18) 0.17 (0.15–0.20)
Tables 8 (6–11) 9 (7–11) 10 (8–11) 10 (8–12)
Numbered equations 10 (4–23) 7 (2–15) 14 (9–25) 5 (2–8)
Reference entries 52 (41–64) 53 (43–64) 53 (44–68) 50 (36–59)
Conclusion share 0.03 (0.02–0.05) 0.03 (0.02–0.05) 0.03 (0.02–0.04) 0.04 (0.03–0.06)

E. Splits and fixtures

Split protocol. heldout_v1 (data/splits/heldout_v1.json, scripts/03_make_splits.
py, seed 45) is a document-level split of the 276 included documents: within each (publication year,
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Table 19. Structure medians (interquartile range in parentheses) of the profile files in profiles/, part B:
theoretical = theoretical_finance; econometrics = financial_econometrics; banking = financial_
intermediation_banking; household = household_behavioral_finance. Training split only. A cell
prints TODO if its macro is absent from numbers.tex. Observed frequencies describe what published
articles did; they are not editorial rules.

Statistic theoretical econometrics banking household

n documents 32 8 21 32
Body words 11064 (10315–13576) 12412 (9017–14125) 11218 (10601–11678) 10576 (9716–12794)
Introduction words 1896 (1673–2359) 1512 (1001–2292) 1728 (1653–2069) 1830 (1598–2063)
Introduction paragraphs 8 (5–9) 5 (4–9) 6 (5–8) 7 (7–10)
Introduction share 0.16 (0.13–0.22) 0.13 (0.10–0.17) 0.16 (0.14–0.18) 0.17 (0.16–0.19)
Tables 0 (0–2) 6 (4–6) 10 (7–12) 8 (6–11)
Numbered equations 36 (22–63) 22 (8–37) 5 (2–7) 2 (0–7)
Reference entries 45 (38–64) 52 (39–67) 49 (45–59) 56 (45–68)
Conclusion share 0.03 (0.01–0.04) 0.04 (0.03–0.04) 0.04 (0.03–0.05) 0.04 (0.03–0.05)

Table 20. Rhetoric block of each profile (model annotation, training split only). Abstract columns: share (%)
of abstracts in which the move is present. Roadmap: share (%) of introductions with a roadmap paragraph
according to the model (LLM) and to the regular expression (regex). Contribution position: median relative
position of the contribution paragraph in the introduction (interquartile range). Causal: median causal-
language score (1–5). Econ. sig.: share (%) discussing economic significance. Bounded / open: share (%) of
conclusions with bounded claims / open questions. Descriptive, not prescriptive.

Abstract moves present (%) Roadmap (%) Conclusion (%)

Profile n Quest. Gap Method Results Magn. Contrib. LLM Regex Contrib. pos. Causal Econ. sig. Bounded Open

all 221 70 14 83 99 24 69 63 60 0.58 (0.13–0.78) 3.0 79 82 37
empirical 173 72 12 83 100 29 65 65 64 0.62 (0.20–0.80) 3.0 92 83 39
asset pricing 58 66 12 84 100 21 69 67 64 0.60 (0.18–0.80) 2.0 93 79 40
corporate finance 28 57 11 79 100 29 71 57 57 0.78 (0.64–0.86) 3.0 93 89 29
theoretical 32 72 0 88 100 0 81 53 50 0.40 (0.00–0.66) 1.0 25 81 28
econometrics 8 62 62 88 100 12 100 62 50 0.45 (0.15–0.54) 1.0 50 75 25
banking 21 76 10 81 100 38 62 71 67 0.67 (0.46–0.75) 3.0 100 86 38
household 32 84 6 91 100 38 47 72 72 0.46 (0.02–0.69) 3.0 94 81 50
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article type) stratum, 20% of the document identifiers are sampled without replacement into the
held-out set, giving 221 training and 55 held-out documents. The file records the protocol name,
seed, rule, counts, the two identifier lists, the author-overlap count (20 held-out documents share
at least one author surname with a training document; overlap is reported, not eliminated), and
the usual provenance stamp. Profiles, the training-only retrieval filter, and prompt tuning use the
training list only; the held-out list is used solely to build evaluation fixtures. Document identifiers
are of the form jof_nnnnn , the numeric suffix of the article’s DOI.

Fixtures. scripts/04_build_fixtures.py (seed 45) selects, among held-out empirical articles
with at least six tables, two articles of different subfields and writes for each a directory containing
manuscript.md (the parsed structure rendered as Markdown with the published introduction
withheld), manuscript_with_intro.md, published_introduction.txt, meta.json, and the
deterministically degraded literature passage used by the rewrite task; the out-of-domain fixture
points to the LaTeX source of UQO Working Paper 29. Fixture directories contain excerpts of
copyrighted text and are therefore private (excluded from version control), as is the raw output of
every engine run on them. The held-out identifiers are listed in the split file; they are not reproduced
here.

F. Reproducibility

Table 21 lists the command that regenerates each artefact (docs/REPRODUCIBILITY.md). Every
JSON artefact carries a timestamp, a code_version (git short hash, suffixed -dirty when un-
committed changes were present), and a host description; the environment is pinned in pyproject.

toml (Python 3.12.13) and model identifiers in config/models.yaml. Stages that call a language
model are not deterministic; their inputs, outputs, and costs are stored so that any analysis can be
re-run on the recorded outputs.

G. User manual

This appendix condenses docs/USER_GUIDE.md and docs/INSTALL.md.

Installation. Create the environment (uv venv –python 3.12 .venv and uv pip install

-e ".[dev]"), copy .env.example to .env and point JOF250_ANTHROPIC_KEY_FILE to a file
holding the API key (never committed), and run .venv/bin/jof250 –help. The corpus root is
set in config/corpus.yaml; derived artefacts are regenerated with the commands of Table 21.
Opening Claude Code inside the repository makes the project-scoped commands available; jof250
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Table 21. Regeneration commands (run from the repository root; make targets wrap .venv/bin/jof250).

Artefact Command Deterministic?

Corpus manifest and audit make audit yes, given the Crossref
cache

Parsed documents make parse yes (parser version in each
file)

Parser QA .venv/bin/python -I scripts/02_
parser_qa.py

yes (seed 45)

Splits .venv/bin/python -I scripts/03_
make_splits.py

yes (seed 45)

Annotations make annotate no (LLM; responses cached
by prompt hash)

Profiles and figures make profiles yes (bootstrap seed 45)
Retrieval index make index yes (same embedding

model)
Fixtures .venv/bin/python -I scripts/04_

build_fixtures.py
yes (seed 45)

Benchmark jof250 benchmark –config config/
evaluation.yaml

no (LLM; all raw runs
stored)

Analysis, paper tables and
figures

.venv/bin/python -I scripts/05_
analyze_benchmark.py

yes (seed 45)

Number macros .venv/bin/python -I scripts/07_
make_numbers.py

yes

Paper cd paper && make yes
Tests make test yes (synthetic fixtures; no

API calls)
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install-claude-code –scope user copies only the jof- files into the user’s Claude Code
directory (removal: delete those files). Commands call the absolute path of the repository’s .venv/
bin/jof250; after moving the repository, re-run the install command.

Concepts. A profile is a measured distribution from the training split, to be read as what pub-
lished articles did, not as a rule (/jof-profile <name>). Structured retrieval is hybrid BM25
and local-embedding search over annotation units and short excerpts, every hit carrying prove-
nance (jof250 retrieve –topic "..." [–unit annotation|raw] [–section results]

[–year 2019]). The engine (jof250 write) takes –mode outline|write|upgrade, –section
(introduction, literature, data, empirical_design, results, robustness, conclusion, abstract), and
–condition (A to E; default E).

Output contract. The engine always writes a new file at the requested –output path, headed by
a comment stating that it is a proposal and that the manuscript was not modified, and a sibling .

report.md holding the change log, the flags (statements the author must verify), the retrieval prove-
nance, the deterministic audit (numeric preservation, unknown citation keys, unsupported-claim
sentences, corpus overlap), and a unified diff against the current section. Reviews (jof250 review

–role referee|editor|table_editor|integrity|replication) write a Markdown report
with the deterministic audit appended; audits (jof250 audit) and evidence lookups (jof250
evidence –claim "...") make no API call. The manuscript itself is never modified; patches are
applied only on the user’s explicit request.

Slash commands and agents. The ten commands and their arguments are listed in Table 7;
Claude Code passes the text typed after the command as $ARGUMENTS, and each command file
instructs the assistant how to parse it. The seven specialist agents (Table 8) wrap the review and
audit commands and propose patches or reports without editing the manuscript. The skill file
(.claude/skills/jof250/SKILL.md) states the rules for the assistant: always pass an explicit
output path under the paper’s jof250_proposals/ or jof250_reviews/ folder or under /tmp;
relay every flag and audit item and never present a generated number or citation as verified; for
theory, methods, or non-finance manuscripts, say which conventions do not apply; warn that API
calls cost money (jof250 status shows spend) and dry-run the benchmark first; and repair a
missing environment with make install and make index.

Manuscripts supported. LaTeX projects (a directory with paper/main.tex or main.tex;
\input and \include resolved; UQO \WP... macros read; *.bib files scanned for keys and
DOIs) and Markdown files. Theory, methods, and non-finance manuscripts are accepted; the engine
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prints a genre note explaining which corpus conventions do not apply.

H. Claude Code command files

The ten command files under .claude/commands/ are generated from integrations/claude_

code.py. One is reproduced verbatim below (jof-write.md); the others follow the same pattern
(front matter with a description, an argument hint, and an allowed-tools list restricted to the project
CLI and read-only utilities; a body that tells the assistant how to parse $ARGUMENTS, which CLI
command to run, which files to read afterwards, and what to show the user).

—

description: Draft a manuscript section with the full JoF-250 engine (profiles, structured

retrieval, verification, specialist referee)

argument-hint: <paper-path> –section <name> [–condition A|B|C|D|E]

allowed-tools: Bash(/Users/simon-pierreboucher/Desktop/UQO/Recherche/Recherche-UQO/

methodes/wp45-jof250/.venv/bin/jof250:*), Bash(ls:*), Bash(cat:*), Bash(mkdir:*), Read, Glob,

Grep

—

Parse ‘$ARGUMENTS‘ as ‘<paper-path> [–section <name>] [–condition X]‘ (defaults: intro-

duction, E_full_engine). Run ‘/Users/simon-pierreboucher/Desktop/UQO/Recherche/Recherche-

UQO/methodes/wp45-jof250/.venv/bin/jof250 write –paper <path> –section <name> –mode

write –condition <X> –output <paper-path>/jof250_proposals/<name>_<date>.tex‘ (create the

folder; this is a NEW file, the manuscript is never modified). Then read the ‘.report.md‘ next

to it and show: the proposed text location, the change log, every FLAG (facts the author must

verify), the deterministic audit summary (numbers not in the manuscript, unknown citation keys,

unsupported claims, corpus overlap), and retrieval provenance.
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