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Abstract 7 

Background. Quality control (QC) results reach regulatory dossiers through manual 8 

transcription and review. Such a benchmark does not yet exist. No collection of pharmaceutical 9 

quality documents carries discrepancies of known class and location, so automated verification 10 

cannot yet be evaluated against measured performance across realistic transfer errors and 11 

document types. 12 

Objectives. To specify (i) an architecture in which large language models only read and 13 

propose values, deterministic code performs every calculation and acceptance test, and a 14 

qualified reviewer makes every decision; (ii) a protocol for building a reference corpus and 15 

evaluating such systems; and (iii) sensitivity estimates from three dossiers. The plan covers 16 

design, evaluation, and measurement. 17 

Methods. Records from three ASEAN Common Technical Dossier Part II submissions (13, 14 18 

and 10 records) were de-identified, and 112, 100 and 120 discrepancies across nine classes 19 

were introduced into dossiers A, B and C. A finding counted as a detection when it identified 20 

an injected discrepancy at the correct location with the correct class. The framework ran blind 21 

to the register. Sensitivity to injected discrepancies is reported per dossier with Wilson 95% 22 

confidence intervals and pooled by random-effects meta-analysis; clustering within records is 23 

not accounted for. 24 

Results. The harness detected 95 of 112 (84.8%; 95% CI 77.0–90.3), 80 of 100 (80.0%; 71.1–25 

86.7) and 105 of 120 (87.5%; 80.4–92.3) injected discrepancies, a pooled sensitivity of 84.1% 26 

(72.4–91.5), with detection in every class in every dossier. False-positive rate, specificity, 27 
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precision, run-to-run repeatability and performance relative to human reviewers or baseline 28 

systems were not measured, and the injection registers have not been independently validated. 29 

Conclusions. The architecture detected a similar share of injected discrepancies in three 30 

dossiers, one run each. Although single runs across three dossiers cannot show reduced 31 

reviewer workload or superiority over existing practice, the observed pattern supports further 32 

testing rather than any claim of practical benefit. The protocol defines the required next 33 

experiments. 34 

Keywords: pharmaceutical quality assurance; regulatory dossier; data integrity; tool-35 

augmented language models; document verification; benchmark; GAMP 5; evaluation protocol 36 

1. Introduction 37 

Every result in the quality section of a marketing application passes through a manual step. 38 

Quality control (QC) generates analytical, stability and process-validation data inside qualified 39 

systems, and quality assurance (QA) must then carry those results into the finished-product 40 

specification, the validation summary, the batch analyses, the certificate of analysis and the 41 

stability tabulation of the dossier(1,2). Manual comparison governs each of these transfers. At 42 

each transfer a reviewer compares a value with an acceptance criterion held in another 43 

document, recalculates it where the criterion requires, and confirms that batch identifiers, dates 44 

and method revisions agree wherever they appear. 45 

Each individual check is simple. Volume alone creates the real difficulty here. Quality control 46 

and quality assurance form the core of a pharmaceutical quality system(3), and the manual 47 

handoff between them adds a human-factor problem: human error is widely reported as a major 48 

contributor to quality deviations and product recalls, which carry economic and reputational 49 

cost(4,5). A single dossier contains hundreds of values that must each agree with several others, 50 

and data-integrity guidance and enforcement records show that transcription errors, missing 51 

results, inconsistent identifiers and unreconciled records remain common inspection 52 

findings(6,7). A defect that survives review can return as a deficiency letter or an approval 53 

delay, while a result recorded as conforming against the wrong limit becomes a product-quality 54 

risk(8). The quality module is a recurring source of regulatory objections. Quality issues alone 55 

were behind about 5% of first-cycle non-approvals of new molecular entities; in one FDA 56 

review of first-cycle generic-application complete response letters, more than 70% of major 57 

deficiencies were quality related(9). Analyses of US and EU submissions likewise document 58 
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recurring chemistry, manufacturing and controls (CMC) deficiencies that delay approval and 59 

patient access(10,11). 60 

Artificial intelligence has been applied extensively to data generation, through process 61 

analytical technology, continued process verification and process monitoring(12,13), and to 62 

regulatory text(14), but rarely to checking reported data against its own specification and its 63 

parallel records(15,16). Its output can be fluent and wrong(17), it can vary between runs on 64 

identical input, and it provides no inherent link between a statement and its source. 65 

Unconstrained LLM use offers no direct fix. These properties conflict with the attributability 66 

and traceability expected under ALCOA+ and with the computerised-system expectations of 67 

21 CFR Part 11(18). 68 

A known remedy in the machine-learning literature is to let the model delegate computation to 69 

external code and tools(19–21). While that pattern is established, this paper claims no novelty 70 

for it. What is missing for pharmaceutical quality is twofold: a way to apply it so that the 71 

division of roles maps onto GxP requirements, and, more fundamentally, a reference standard 72 

against which any such system can be measured. No published corpus of pharmaceutical 73 

quality documents carries expert-validated discrepancies at known locations, so claims of 74 

automated verification performance in this domain cannot currently be tested. 75 

This paper makes three contributions. First, it describes a verification harness in which LLMs 76 

only read documents and propose values, deterministic code performs every calculation and 77 

acceptance test, and a qualified reviewer makes every decision. Second, it specifies a protocol 78 

for building a reference corpus and for evaluating such systems against it, including negative 79 

controls, comparators, ablations and repeated runs. Third, it reports sensitivity to injected 80 

discrepancies in three dossiers, each processed once. Although the third result shows the 81 

architecture can find planted discrepancies in more than one dossier, it does not demonstrate 82 

practical utility. Because the test material consists of submitted dossiers rather than raw 83 

laboratory records, the work addresses pre-submission dossier verification, the last point at 84 

which QC-to-QA transfer errors can be caught before submission. 85 
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2. Background and related work 86 

2.1 Where transfer discrepancies arise 87 

The conventional workflow moves quality information through eight stages, from collection of 88 

QC records to regulatory submission (Figure 1). At one stage values are transcribed into QA 89 

documentation; at three further stages compilation and assembly carry them forward, while 90 

two stages rely on manual comparison. Once transcribed, no stage re-derives a value from its 91 

source. An early error therefore persists unless a reviewer goes back to the original record. 92 

Confirming agreement across every document that mentions each printed value taxes working 93 

memory far more than calculation, and that comparison defines the practical limit at each 94 

checking stage. 95 

 96 

Figure 1. The conventional QC-to-QA documentation workflow as eight sequential stages. Discrepancies enter 97 
at transcription (stage 2), are carried forward without re-derivation (stages 3, 5 and 7) and can be caught only by 98 
manual comparison (stages 4 and 6) before any surviving defect reaches the submission (stage 8). 99 
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2.2 Regulatory expectations for AI in GxP settings 100 

Any system used in this workflow must produce attributable, accurate, complete and consistent 101 

records(6), and software used in quality decisions must be validated and audit-trailed(18). 102 

Validation becomes harder with non-deterministic outputs, yet remains possible. GAMP 5 103 

(second edition) treats AI and machine learning in a dedicated appendix, the ISPE GAMP 104 

Guide: Artificial Intelligence (2025) describes a life-cycle approach for validating AI-enabled 105 

systems(22), while both the FDA draft guidance on AI for regulatory decision-making and the 106 

EMA reflection paper outline risk-based credibility assessment(23). The design question is not 107 

whether AI can be validated at all, but which roles a generative model can occupy without 108 

taking a quality decision. 109 

2.3 AI in pharmaceutical quality 110 

Published work concentrates on the two ends of the quality lifecycle (Table 1). Upstream, 111 

reviews and case studies examine process analytical technology, continued process 112 

verification, analytical monitoring and manufacturing applications under GxP(12,13,16). 113 

Regulatory translation(14), regulatory views on AI in GMP environments(24) and broad 114 

surveys of AI across the pharmaceutical lifecycle(15) make up the downstream literature. In 115 

the indexed set examined, no report in either group describes a system that checks reported 116 

quality data against its specification and parallel records, nor performance measured against a 117 

ground truth holding both altered and unaltered records. 118 

2.4 Tool-augmented language models and automated verification 119 

Program-aided language models and program-of-thoughts prompting pass arithmetic to an 120 

interpreter(20); Toolformer and ReAct allow a model to call external tools during 121 

reasoning(21,25); and neurosymbolic approaches join learned perception with symbolic 122 

reasoning more broadly(26). The architecture described here applies this pattern to one domain. 123 

It differs from general-purpose tool use in three ways, because the model cannot select its next 124 

step, only four fixed tools are exposed, and each proposed value must be located on the cited 125 

page before any tool accepts it. 126 

Verification of claims against evidence has well-established benchmarks. FEVER and SciFact 127 

check sentences against text(27,28); TabFact and FEVEROUS check statements against 128 

tables(29,30); FinQA and TAT-QA call for numerical reasoning over tables and text(31,32); 129 

and EHRCon tests consistency between notes and structured tables inside one health 130 
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record(33). The reading layer behind such systems comes from layout-aware document models 131 

that jointly encode text, spatial layout, and visual features(34,35), together with table-structure 132 

recognition that recovers rows, columns, and cell relationships from document images(36). 133 

Built on this layer, downstream systems perform numerical and hybrid tabular-textual 134 

reasoning over financial reports(31,32), as well as consistency checking between clinical notes 135 

and structured tables and question answering over document images(33,37)., from retrieval-136 

augmented generation grounding generated text in retrieved passages(38,39). Each of these 137 

benchmarks checks one claim against one source. Reconciling the same quantity across several 138 

documents under a fixed order of source precedence, together with acceptance rules that carry 139 

regulatory force, is what dossier verification instead demands. 140 

Table 1. Prior work relevant to automated verification of pharmaceutical quality documentation, and what each 141 
leaves open. 142 

Work What it addresses What remains open for dossier verification 

Huanbutta et al. 

2024(15) 
Survey of AI from discovery to post-market 

surveillance, including QC 
No verification of reported data against 

specifications or parallel records 

Nakka et al. 2026(16) AI applications and GxP implementation in 

manufacturing 
Manufacturing focus; no document-level 

verification or ground-truth evaluation 

Gaikwad and Pawar 

2026(13) 
AI-assisted analysis and quality monitoring Analytical and process monitoring rather than 

dossier consistency 

Nagy et al. 2022(12) Neural networks in process analytical 

technology 
Acts before data become documents 

Chen et al. 2025(14) LLM for regulatory-affairs translation Measures translation fidelity, not detection of 

data discrepancies 

Niazi 2025(24) Regulatory perspectives on AI/ML in GMP Conceptual; no evaluated system 

PAL, PoT, Toolformer, 

ReAct(19–21,25) 
Delegating computation and actions from 

LLMs to tools 
General-purpose; no fixed control flow or 

source-location requirement 

TabFact, FEVEROUS, 

FinQA, TAT-QA(29–
32) 

Verification and numerical reasoning over 

tables 
One claim against one source; no cross-

document reconciliation or regulatory limits 

FEVER(27) Verification of textual and scientific claims Sentence-level entailment, not numerical 

agreement 

EHRCon(33) Consistency between notes and tables in one 

record 
Single record; no order of source precedence 

 143 

2.5 Literature search and the gap 144 

The literature was searched in PubMed, Scopus, Web of Science, IEEE Xplore, the ACM 145 

Digital Library and arXiv (cs.CL, cs.CV, cs.IR) from January 2015 to March 2026, combining 146 

terms for pharmaceutical quality documentation, AI methods and verification tasks as a 147 

structured search without systematic-review methods or record counts. No PRISMA 2020 flow 148 

diagram(40) is reported. In the indexed literature searched, no dataset of pharmaceutical quality 149 

documents annotated with discrepancies of known class and location was found. 150 
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Two limitations run across the work reviewed, and they shape both the design and the testing 151 

that follow. Methodologically, no published approach extracts information from several quality 152 

documents, normalises it into a common representation, compares it with specifications and 153 

related records, and links each finding to its source before human review. More 154 

consequentially, the evaluative gap means claims that AI improves documentation efficiency 155 

rest on no performance measured against a predefined ground truth with both discrepant and 156 

unmodified records, so they cannot be falsified, which this paper tackles by setting out how 157 

such a ground truth should be built and used. The first is handled with one architecture for 158 

evaluation against it. 159 

3. Aim, objectives and scope 160 

The aim is to deliver an architecture and an evaluation protocol for automated verification of 161 

pharmaceutical quality documentation before dossier submission, with detection estimates 162 

from three dossiers. The objectives for this work are threefold: 163 

• O1. To specify a verification architecture that separates probabilistic reading, 164 

deterministic checking and human decision, and binds every finding to its source. 165 

• O2. To specify a protocol for constructing a reference corpus and evaluating 166 

verification systems against it, covering negative controls, comparators, ablations, 167 

repeatability and independent validation of the ground truth. 168 

• O3. To report the sensitivity of the architecture to injected discrepancies in three 169 

dossiers, one run each, with its limitations stated. 170 

Specificity, precision, false-alarm burden, extraction accuracy, repeatability, and comparison 171 

with human reviewers and baseline systems are outcomes of the protocol (Section 4.8). They 172 

were not obtained here and are not claimed. Running three different dossiers once each tests 173 

whether detection holds across dossiers, but it does not measure run-to-run repeatability, which 174 

can only be assessed through repeated runs of the same cases under identical conditions. 175 

Context of use. The system only reads and checks values. It reads documents, proposes values, 176 

recomputes derivable statistics, compares results with bound acceptance criteria, reconciles 177 

repeated values across documents, and assembles checked values into the required dossier 178 

structure with a link to each source. By design it writes no narrative text, reaches no batch-179 

release or disposition decision, closes no finding, applies no correction without reviewer 180 



  

8 

acceptance, and does not judge whether an acceptance criterion is scientifically appropriate, 181 

which remains a matter for pharmaceutical development(41). 182 

4. Methods 183 

4.1 Corpus 184 

The corpus comprises three authentic ASEAN Common Technical Dossier (ACTD) Part II 185 

(Quality) submissions(1), termed dossiers A, B and C. Dossier A holds 13 records from a small-186 

molecule, immediate-release, film-coated tablet submission. Dossier B holds 14 records from 187 

a film-coated tablet submission, and dossier C 10 records from a capsule submission. All three 188 

come from one manufacturer. Every record is a born-digital PDF, one file per record, with 189 

included sections listed in Supplementary Table S2. To protect confidentiality, commercial 190 

names, personnel, sites, active substances and reference numbers were anonymized throughout 191 

with a fixed substitution key. Technical data, analytical findings and surrounding text were left 192 

untouched, and the identical procedure covered all three dossiers. 193 

Because the corpus consists of submitted dossiers, the top two levels of the source-precedence 194 

order (Section 4.4.3), raw instrument output and run logs, appear only where a dossier carries 195 

raw-data annexes. All three dossiers do include such annexes. Their coverage is incomplete 196 

(Section 4.3). The study therefore tests pre-submission dossier verification, not verification at 197 

the laboratory handoff. Each dossier also retains its own pre-existing defects from the original 198 

submission, still uncensused (Section 4.8). 199 

4.2 Discrepancy taxonomy and injection 200 

Nine discrepancy classes were defined from data-integrity guidance, published analyses of 201 

FDA warning letters, and the ICH quality guidelines governing each affected field (Table 2). 202 

The study team introduced discrepancies into copies of the records, in the ACTD section where 203 

each class occurs in practice and always where contradicting evidence sits in another document 204 

or section. The unmodified originals were kept. Every discrepancy went into an injection 205 

register before the harness ran, with class, host document, page, field, original and altered 206 

values, and the contradicting record. The harness never saw the register. 207 

The study introduced 112 discrepancies into dossier A, 100 into dossier B and 120 into dossier 208 

C, spread across the nine classes in roughly the same proportions per dossier (Table 3). 209 

Members of the team that built the harness injected all three dossiers, and one harness version 210 
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processed each dossier as a single package in a separate run. That gives about 8.6 discrepancies 211 

per record in dossier A (112 in 13 records), 7.1 in dossier B (100 in 14) and 12.0 in dossier C 212 

(120 in 10). Such density far exceeds any real submission, and independent experts have not 213 

rated the realism of individual cases. The host record for each discrepancy is logged in the 214 

injection register (Supplementary Table S1). 215 

Table 2. The nine discrepancy classes, where each was introduced, the record that contradicts it, and the sources 216 
on which the class is based. 217 

Class Discrepancy Sections injected Contradicting record Basis 

D1 Reported value differs from the raw 

record (for example, transposed 

digits) 

P.5.3, P.5.4, P.2.3.3 Raw-data annex; derived 

statistics 
(7) 

D2 Result outside its limit presented as 

conforming 
P.5.4, P.8.3, P.2.6, 

P.5.5 
Limits in P.5.1 and the 

monograph 
(7,8) 

D3 Result reported in a unit other than 

the one specified 
P.5.4, P.8.3, P.4.2 Unit declared in P.5.1 (42) 

D4 Batch identifier disagrees with the 

identifier used elsewhere 
P.8.3, P.5.4 P.5.4, P.3.5 and P.6 (43) 

D5 Required result missing from a table P.5.4, P.2.3.3, P.8.3 Test panel in P.5.1; stability 

pull schedule 
(6,44) 

D6 Dates conflict or place events in an 

impossible order 
P.8.3, P.5.4 Manufacturing record in P.3.5; 

adjacent pull dates 
(6,45) 

D7 The same result or method revision 

stated differently in two documents 
P.5.4 vs P.8.3; P.5.3 

vs P.5.2 
Every section citing the same 

fact 
(2,46) 

D8 Acceptance limit altered, or set 

below what the validated method 

can support 

P.5.1, P.4.1 Monograph; method capability 

in P.5.3 
(42,47) 

D9 Document cited by another section is 

absent 
Manifest, with P.5.3, 

P.6 or P.9.2 withheld 
Sections citing the missing 

document 
(1,2) 

 218 

4.3 Reachability 219 

An injected discrepancy was classed as reachable if the package holds a record that contradicts 220 

it or from which the correct value can be derived, and as blind otherwise. The original protocol 221 

tied this grouping to checks the harness performs, which made the secondary denominator 222 

partly depend on the system under test. Restated here in document-only terms, the five 223 

discrepancies first called blind stay blind: each is a D1 alteration inside its limit, never restated 224 

elsewhere, entering no printed statistic, with the contradicting raw record absent from the 225 

package. Whether the other 107 discrepancies in dossier A count as reachable under the 226 

document-based definition has not been independently re-adjudicated. The reachable 227 

denominator is thus secondary and provisional, for dossier A only. Reachability in dossiers B 228 

and C remains unclassified. 229 
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4.4 Architecture of the verification harness 230 

4.4.1 Overview: stages, roles and control flow 231 

Five fixed stages handle each dossier: Extract, Source of truth, Identify, Fix and Compile, 232 

followed by review of every finding by a qualified QA pharmacist (Figure 2). A controlling 233 

program, the orchestrator, runs the stages in order and moves defined inputs and outputs 234 

between them. One responsibility per component. Three roles stay apart throughout: 235 

• Language models propose. Confined to reporting what a page contains, they never 236 

declare it correct. A dense page may take them several passes, while correctness 237 

remains someone else's job. 238 

• Deterministic code checks. Whereas models only describe, code verifies each 239 

proposed value against its source, recomputes every derivable statistic, tests each 240 

acceptance criterion and then assembles the output. 241 

• A qualified QA pharmacist decides. Only the pharmacist can close a finding, accept 242 

a correction, or sign the output, which keeps every quality decision with a qualified 243 

person. 244 

Components using language models are called sub-agents. A sub-agent decides how to read a 245 

page — how many passes a dense chromatographic annex needs, for instance. Run order, inputs 246 

and output handling are fixed in code and frozen for the run. Every sub-agent output is checked 247 

independently before use. 248 

Built as a nine-state machine — idle, ingest, ground, consolidate, dispatch, assert, commit, 249 

quarantine and halt — the orchestrator starts every run in idle and finishes in commit or halt. 250 

Each state-event pair maps to exactly one next state. No transition reads a model-proposed 251 

value. All run paths can therefore be enumerated and tested beforehand. 252 

Removed entirely from the process are shell access, code evaluation (eval and exec), file-253 

system writes and web access. Sub-agents come from a fixed registry and cannot launch other 254 

agents. Four tools exist for a run (Supplementary Table S4): 255 

• bind_anchor links a value to the page region from which it was read. 256 

• recompute_statistic passes raw values to a calculation module (Section 4.4.4). 257 

• cross_match_entity tests a consistency rule across documents. 258 

• assert_specification tests a result against its acceptance limit. 259 
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Any request for another action counts as a system fault and halts the run. Each stage is detailed 260 

in Sections 4.4.2 to 4.4.6. 261 

 262 

Figure 2. How the verification system works. Blue boxes are performed by AI models, which only read pages 263 
and propose values; orange boxes are performed by fixed code, which checks every value and performs all 264 
calculations; grey boxes are performed by a qualified QA pharmacist, who makes every decision. The left rail 265 
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shows the five stages and the human decision. G is the grounding score (Equation 1); L1 to L5 are the levels of 266 
source precedence (Section 4.4.3). Every step is written to an append-only, hash-chained audit ledger. 267 

4.4.2 Stage 1 (Extract): reading, extraction and the grounding gate 268 

Reading. PaddleOCR-VL, a layout-preserving document model, reads each page as an image 269 

at native resolution (up to 1536 × 1536 pixels). Tables come back reconstructed directly, 270 

spanned rows and columns included, with every word and number stored alongside page and 271 

normalised coordinates. Layout preservation was chosen because line-by-line text recognition 272 

fails validation documents in three ways: 273 

• Merged labels. Spanning several rows, a category label sticks to the first row only, so 274 

limits below lose their governing attribute unless spanning cells are resolved. 275 

• Unruled tables. Without ruling lines, chromatography tables collapse into interleaved 276 

text and column structure is lost. 277 

• Lost positions. When the stored position is discarded, no finding can be traced back to 278 

its source and provenance is lost. 279 

Extraction. Five specialist sub-agents extract values, one document domain apiece: 280 

• Method validation. Calibration, recovery, replicate-precision and forced-degradation 281 

tables under ICH Q2(R2)(47). 282 

• Stability. Multi-station matrices, arranged by ICH Q1A(R2) climatic zone and 283 

packaging configuration(44,48). 284 

• Process validation. Critical process parameters, stage yields and blend uniformity(49). 285 

• Specification binding. Each monograph and internal-specification limit, tied to the 286 

attribute it governs. 287 

• Entity matching. Links values referring to the same item; extracts no new values itself 288 

(Section 4.4.3). 289 

The sub-agents draw on a pool of two language models with fixed versions, Gemini 3.8 Flash 290 

and Mistral Large 3 (Section 4.5). Difficulty decides the routing: the lower-cost model takes 291 

clean ruled tables, while the stronger model takes harder passages, such as footnotes tying one 292 

merged label to several limits. The models never check each other and never calculate. 293 

Proposals go to a shared blackboard — a workspace where records accrue but cannot be 294 

overwritten — as typed records (value, unit, page and position). One reading per page feeds all 295 

sub-agents. 296 
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Normalisation. Two deterministic operations then standardise proposals. Spanned cells 297 

resolve first: a value covering several rows is copied to every record it governs with its layout 298 

data, so later comparisons never see an empty cell. Unit normalisation follows, converting 299 

variants like 100.2 %, 100.2 % w/w and 1.002 × 10² % to one decimal value plus unit, which 300 

lets D3 unit mismatches surface. 301 

Grounding gate. Cited page first, trust later: before proposed value v is admitted, the harness 302 

confirms its presence on the cited page. It computes grounding score G against that page's token 303 

stream S: 304 

G(v, S) = [ |T(v) ∩ T_p(v)(S)| / |T(v)| ] × I[ B(v) ⊆ B_page(v) ]         305 

where T(v) is the multiset of subword tokens in the value, T_p(v)(S) is the token stream of the 306 

cited page, B(v) is the value's bounding box, B_page(v) is the extent of the cited page, and I[·] 307 

equals 1 if the box lies within the page and 0 otherwise. The first term gives the share of the 308 

value's text found on the cited page; the second tests position on that page. Multiplied, they 309 

punish both failure modes: outside the cited page scores zero despite matching text, and a 310 

token-less value scores zero. Accepted: values with G ≥ 0.50. The rest are excluded, logged 311 

and queued in quarantine for human review. 312 

The gate has two limitations. Its 0.50 threshold lives in code yet awaits characterisation across 313 

values (Section 4.8). A correct value lifted from the wrong cell of the right table still slips 314 

through, and how often this happens has not been measured. 315 

4.4.3 Stage 2 (Source of truth): one record per fact and source precedence 316 

Several places report the same fact. One assay result can surface in the certificate of analysis, 317 

batch analysis, first stability time point and process validation summary. Stage 2 merges these 318 

repeats into a canonical knowledge graph, storing each fact once with links to every printed 319 

location. 320 

Consolidation. Values sharing batch, test, time point and attribute are grouped by the entity-321 

matching sub-agent, which also maps aliases for one product — trade name, label description, 322 

internal formulation code — onto a single identifier. A fixed rule then governs each group: 323 

• Printings agree. One record survives, listing every place the value is printed. 324 

• Printings disagree. Stored on the record as a conflict, the disagreement travels to Stage 325 

3. Conflicting values are never averaged or settled by majority vote. 326 
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Structure of the graph. Quality entities form the nodes: product, batch, analytical method, 327 

calibration point, stability time point, monograph limit and source span. Typed relations form 328 

the edges, and each node links to all source page regions it was read from. Three domain 329 

subgraphs — method validation, stability, process validation — share a core of product, batch, 330 

method and monograph-limit nodes. A batch identifier drifting between domains is thus caught 331 

at that shared core. 332 

Embedding-based retrieval(38) was left out, for three reasons. Headings part from cell values. 333 

Near-identical strings read as similar — 99.8% versus 89.8%, or B-24-0117 versus B-24-01l7 334 

— precisely when the harness must notice the gap. Cross-document references go unfollowed. 335 

Source precedence. A fixed order, highest (L1) to lowest (L5), settles conflicts: 336 

• L1. Raw instrument signals (chromatographic integration, balance printouts). 337 

• L2. Sequence and run logs. 338 

• L3. Executed validation and study reports. 339 

• L4. The canonical knowledge graph. 340 

• L5. The compiled dossier tables. 341 

When sources disagree, the higher-level value stands and any correction targets the lower level. 342 

That reading follows 21 CFR 211.194, which bases quality release on laboratory raw records 343 

(43). Rewriting a raw peak area to fit a summary table would be manipulation. Fixed by design, 344 

the order is directly inspectable. Here, L1 and L2 exist only where dossiers include raw-data 345 

annexes (Section 4.1). 346 

4.4.4 Stage 3 (Identify): deterministic checks 347 

Record type routes each record to its check; the orchestrator does the routing with no model 348 

input. Checks come in two kinds: recalculation of derived statistics, and consistency rules 349 

across documents. Passing everything applicable earns “verified”. Any failure sends the value 350 

to Stage 4. 351 

Recalculation of derived statistics. From graph raw values, five compiled calculation 352 

modules (C/NumPy, exact decimal arithmetic) recompute each derived statistic and test the 353 

reported figure against a preset tolerance(47,50): 354 
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• Linearity. Tolerance first: relative slope difference ≤ 0.10%. Ordinary least-squares 355 

slope m, intercept c and coefficient of determination r² come from the n calibration pairs 356 

(x_i, y_i), with intercept and r² recalculated alongside. 357 

• Precision. Whereas linearity uses a relative bound, here the absolute difference must 358 

be ≤ 0.01 percentage points. Mean, sample standard deviation s and %RSD = 100 s / x̄ 359 

over n ≥ 6 replicate injections. 360 

• Accuracy. Recovery = 100 × recovered / spiked per level, with mean recovery and per-361 

level %RSD. Absolute difference ≤ 0.05 percentage points. 362 

• Detection and quantitation limits. LOD = 3.3 σ / S and LOQ = 10 σ / S, from residual 363 

standard deviation σ and calibration slope S(47). Since no method reports below what 364 

it can quantify, the declared reporting threshold must sit at or above the recalculated 365 

LOQ. 366 

• Dissolution similarity. Absolute difference ≤ 0.1. That budget covers f₂ = 50 log₁₀ { [1 367 

+ (1/n) Σ (R_t − T_t)²]^−0.5 × 100 }, taken over n paired time points [71, 72, 74]. 368 

Supplementary Table S5 repeats the formulas and tolerances. 369 

Consistency rules. Four rules sweep the graph: 370 

• Batch identity. One package, one batch identifier. Several identifiers differing by a 371 

single character (Levenshtein edit distance of 1, e.g. letter l for digit 1) flag as likely 372 

typing errors, with every conflicting spot cited. 373 

• Method revision. Summary-cited revision must equal the revision in raw sequence-log 374 

headers from the testing run. 375 

• Chronology. Manufacture, sampling, testing then stability pull — in that order — with 376 

each pull inside its protocol window(44). 377 

• Specification limits. Each result must sit within its test's acceptance limits. Limits 378 

themselves must mirror the governing pharmacopoeial monograph, exposing altered 379 

limits (D8). Impurity reporting thresholds follow the ICH Q3B(R2) order: reporting 380 

threshold no higher than identification and qualification thresholds(51). 381 

Dissolution (USP <711>) and uniformity of dosage units (USP <905>) proceed in 382 

stages(52,53): a few units first, more only if stage one misses its criteria. The harness therefore 383 

tests each stage alone. Short of unit counts or stated statistics, the check stalls. Such cases read 384 

“insufficient evidence”, with the gap raised separately. 385 
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QA verification gets every out-of-limit result. Confirmed out-of-specification (OOS) it is not, 386 

since only laboratory investigation confers that verdict(8,43). 387 

4.4.5 Stages 4 and 5 (Fix and Compile): corrections and assembly 388 

Stage 4: findings and proposed corrections. Every check failure becomes a finding, with a 389 

correction offered solely where one correct value stands out. The path runs from the discrepant 390 

entry to the highest-ranked raw record on hand (Section 4.4.3), from which the value is 391 

recomputed; when recomputed and reported values diverge beyond tolerance, a directive goes 392 

out stating present value, proposed value, source level and evidence location. While source 393 

records stay untouched, a directive takes effect following reviewer acceptance alone. Three 394 

situations draw no proposal: 395 

• Out-of-specification results. These require investigation under 21 CFR 211.192(54). 396 

• Missing values. The documents cannot show whether the test was performed. 397 

• Conflicts between sources at the same level. The precedence order cannot decide 398 

between them. 399 

Each case closes under a single ledger entry — discrepancy detected, no discrepancy detected, 400 

requires QA verification, or insufficient evidence — with scoring of those entries governed by 401 

Section 4.6. 402 

Stage 5: assembly. Target ACTD sections are built from canonical-graph records without 403 

reopening source documents, the required-element list selecting which records apply and each 404 

value passing over unchanged. Absence of a matching record triggers a missing result (D5) or 405 

missing document (D9) report. Accepted corrections enter with their audit note; pending cases 406 

carry the original value plus its open finding. Narrative prose, summaries and regulatory 407 

judgements lie outside this stage. 408 

Reviewer decision. Accept, query with QC, or escalate — that choice, for every finding, 409 

belongs to the reviewer, whose closure and sign-off complete the record in the audit ledger 410 

(Section 4.4.6). 411 

4.4.6 Context, traceability and learning 412 

Context scoping. Sub-agents see just the slice needed for their section: its immediate 413 

neighbours plus the shared product–batch–method–monograph core. Facts elsewhere must be 414 
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asked for by name, arrive for one check, then leave once recorded. Bulk intake from unrelated 415 

sections is refused, keeping that material away from the model. 416 

Traceability. From assembled value back to graph record, then from graph record to each 417 

printed source region: that two-hop chain holds for every value, under one of four labels: 418 

• Line-verified. A value tied to an exact line and position on its source page. 419 

• Derived. Indicates a figure recomputed from raw inputs at known locations. 420 

• Ambiguous. Applies where several identical pages could have supplied the match. 421 

• Blocked. Means the grounding gate rejected the value, hence its exclusion. 422 

Audit ledger. Extraction, consolidation, tool invocation, finding, correction and reviewer 423 

action all land in append-only storage, each entry carrying time, event identifier, agent 424 

identifier, tool signature, payload hash, verdict and prior-entry SHA-256. Editing history 425 

therefore breaks the chain visibly. Sealing happens at run end, after which scoring uses the 426 

sealed copy (Section 4.6). 427 

Learning. Layout navigation is the sole persistent gain: reviewer layout-reading fixes return 428 

as YAML or JSON navigation notes reused on later packages from the same origin. Calculation 429 

modules, acceptance criteria, grounding threshold, sub-agent order and model weights remain 430 

unchanged in service. 431 

4.5 Deployment and data handling 432 

The page reader (PaddleOCR-VL), the grounding gate, consolidation, the calculation modules, 433 

the orchestrator and the audit ledger ran on a single local workstation with one NVIDIA A10G 434 

GPU (24 GB) and an AMD EPYC 7763 processor. The two language models, Gemini 3.8 Flash 435 

and Mistral Large 3, were fixed to specific versions. They were chosen as the lowest-cost 436 

models that could handle the most difficult extraction task. 437 

Neither model fitted the local workstation. Gemini exists solely through hosted service, while 438 

Mistral Large 3 — weights openly released — exceeds a single 24 GB GPU. Hosted endpoints 439 

therefore served both, leaving the installation network-connected. Sub-agents themselves held 440 

no network, file-system or shell rights; the orchestrator alone forwarded page content. 441 

Identifiers, API versions, endpoint regions, data-retention and training-use terms, plus access 442 

dates, appear in Supplementary Table S6. 443 
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Consequently, material from three authentic submissions passed through third-party services 444 

under the Supplementary Table S6 terms and the written permission of each holder 445 

(Declarations). 446 

4.6 Scoring 447 

Every dossier ran once. Comparison of sealed-ledger findings against the injection register 448 

followed each run, performed outside the harness and hidden from it, placing each finding in 449 

one of three groups: 450 

• True positive. Correct document, page and field together with correct class defined a 451 

hit, regardless of closing outcome — a correctly placed and classed item counted even 452 

when closed as “requires QA verification” or “insufficient evidence”. Specification 453 

classes (D2, D8) need this proviso, since out-of-limit results there are raised for QA 454 

verification rather than confirmed (Section 4.4.4). Counts by closing outcome were not 455 

tabulated. 456 

• Partial match. For findings right in one axis but not the other — location correct, class 457 

wrong, or the reverse — recording without credit as true positives was the handling. 458 

• Outside the register. Findings matching nothing in the register sit unclassified as false 459 

positives until the census of pre-existing source defects finishes (Section 4.8). 460 

4.7 Statistical analysis 461 

Sensitivity to injected discrepancies — true positives over all injected items — forms the 462 

primary measure. Requiring only true positives and false negatives, it avoids the true-negative 463 

and false-positive counts that specificity and precision would demand and which were not 464 

collected. Per-dossier values carry Wilson score 95% confidence intervals(55). Pooling across 465 

dossiers used random-effects meta-analysis of logit-transformed proportions, DerSimonian–466 

Laird between-dossier variance(56), Hartung–Knapp interval widening, advisable with few 467 

units(57). Heterogeneity appears as Cochran’s Q and I²(58), though three dossiers give the test 468 

scant power. An unadjusted pooled proportion with Wilson interval is shown for reference. 469 

Nesting of discrepancies within records goes unadjusted; cluster bootstrap by record(59) awaits 470 

discrepancy-to-record allocation (Supplementary Table S1). Class- and function-level figures 471 

pool counts across dossiers with Wilson intervals and remain exploratory. Further inferential 472 

testing was absent. 473 
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4.8 Prospective evaluation protocol 474 

What the three runs omit, the protocol below supplies (Figure 3), with present-study status 475 

collected in Section 6.4. 476 

 477 

Figure 3. Evaluation protocol. Filled boxes show steps completed in the present study, half-filled boxes steps 478 
completed in part, and outlined boxes steps not yet performed. The protocol is to be pre-registered before the 479 
next evaluation. 480 

Registration and freezing. Pre-registration of protocol, outcomes and analysis plan will use 481 

the Open Science Framework. Ahead of any injection, the harness freezes as a container image 482 

whose commit hash, with timestamp, opens the hash-chained ledger. Subsequent edits to code, 483 

prompts, thresholds or model versions open a new version for separate evaluation. 484 

Corpus. Three to five dossiers or pre-submission QC packages at minimum, drawn from 485 

different manufacturers, with scanned records included and at least one non-oral-solid form, 486 

will make up the next corpus. Against that bar — one manufacturer, all born-digital, all oral 487 

solids (two film-coated tablets and a capsule) — the current three dossiers leave manufacturer, 488 

scanned-record and dosage-form coverage unmet. Each holder’s written permission will be 489 

secured, and hosted-model processing will occur strictly within that permission. 490 
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Baseline census. Prior to injection, two or more independent QA or QC experts will log every 491 

pre-existing source-record anomaly by document, page, field and class, sorting genuine defects 492 

from conversion artefacts. Genuine defects enter the ground truth. 493 

Independent injection and validation. Personnel outside the harness team will inject 494 

discrepancies at densities aligned with genuine deficiency rates. Two or more independent 495 

experts will then verify each register line — altered value wrong, cited record contradictory, 496 

untouched records clean — and score realism on a five-point scale. Raw agreement alongside 497 

Cohen’s or Fleiss’ kappa with 95% confidence intervals(60,61) will be published, a third expert 498 

settling disputes. Document-only reachability adjudication falls to the same experts. 499 

Negative controls. Injected copies and their untouched originals both undergo processing. 500 

Findings on an injected copy, absent from its original and unmatched in the register, count as 501 

injection-process false positives. Findings on originals beyond the census count as harness false 502 

positives. Reported for every finding: true positive, outside-register, “requires QA verification” 503 

or “insufficient evidence” status, plus total findings raised. 504 

Repeatability. Three to five repetitions per case, under locked decoding settings (temperature, 505 

top-p, seed) and locked model identifiers, will test stability. Reported: concordance of finding 506 

identity, cited evidence and class across runs, with detection-rate spread. 507 

Comparators. Three head-to-heads are planned. Blinded QA pharmacists, at least three, will 508 

examine cases under time limits in a crossover with and without harness output. The same 509 

models, prompted end to end on the same documents, form an LLM-only baseline. 510 

Deterministic rules over conventional optical-character-recognition text, minus any LLM, form 511 

a rules-only baseline. 512 

Ablations. Stripped variants will run: grounding check removed, consolidation removed, 513 

model arithmetic replacing calculation modules, and full-document context replacing section 514 

scoping. 515 

Reading accuracy and the grounding threshold. Hand annotation of 300 to 500 cells will fix 516 

field- and cell-level extraction accuracy, wrong-cell events included despite their invisibility 517 

to the grounding check. Threshold behaviour follows from receiver operating characteristic 518 

analysis across at least 50 to 100 fabricated and wrong-cell values. 519 

Outcomes. Sensitivity to injected discrepancies and false positives per 100 pages stand as 520 

primary. After census completion, specificity, precision and F1 join as secondary, along with 521 
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class- and function-specific sensitivity, crossover reviewer time and detection, repeatability, 522 

extraction accuracy, and root cause of each miss — extraction, normalisation, consolidation, 523 

specification retrieval, comparison or formatting. 524 

Sample size and analysis. For 85% sensitivity within ±5 percentage points (95% confidence), 525 

n = 1.96² × 0.85 × 0.15 / 0.05² ≈ 196 reachable discrepancies under independence(62). 526 

Averaging m discrepancies per record with intraclass correlation ρ inflates this by the design 527 

effect 1 + (m − 1)ρ; at m = 9.0 (332 discrepancies in 37 records) with assumed ρ = 0.05 the 528 

design effect is 1.40, or about 274 discrepancies. Class-level work within ±10 percentage points 529 

wants roughly 50 discrepancies per class, about 450 over nine classes. Together the three 530 

dossiers hold 332 injected discrepancies — enough overall under the stated assumptions — but 531 

17 to 53 per class, leaving only class D1 at target. Cluster bootstrap over records will supply 532 

confidence intervals(59), while mixed-effects logistic regression with a random intercept for 533 

record estimates class and function effects. 534 

Release. Source code plus a runnable container will publish the frozen harness. Where 535 

authentic material must stay closed, a synthetic or openly licensed dossier with its injection 536 

register will go out instead, preserving independent reproduction. 537 

5. Results 538 

5.1 Composition of the three runs 539 

Each dossier was processed once under identical conditions. The three injection registers 540 

contained 332 discrepancies in total: 112 in dossier A, 100 in dossier B and 120 in dossier C, 541 

with 5 to 19 per class in each dossier (Table 3). In dossier A, 5 discrepancies (all D1) had no 542 

contradicting record in the package under the document-based definition, and the remaining 543 

107 are provisionally classed as reachable (Section 4.3). 544 

5.2 Sensitivity to injected discrepancies 545 

The harness detected 95 of 112 injected discrepancies in dossier A (sensitivity 84.8%; 95% 546 

Wilson CI 77.0–90.3), 80 of 100 in dossier B (80.0%; 71.1–86.7) and 105 of 120 in dossier C 547 

(87.5%; 80.4–92.3) (Table 3, Figure 4). The random-effects pooled sensitivity was 84.1% (95% 548 

CI 72.4–91.5 with the Hartung–Knapp adjustment; 79.4–88.0 without it), with heterogeneity 549 

between dossiers low and not statistically detectable (Q = 2.32, df = 2, p = 0.31; I² = 14%). The 550 

unadjusted pooled proportion was 280 of 332 (84.3%; 80.0–87.9). Sensitivity held when 551 
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restricted. In dossier A, sensitivity against the 107 provisionally reachable discrepancies was 552 

88.8% (81.4–93.5) (Supplementary Table S11). 553 

At least one discrepancy of every class was detected in every dossier. Grouped by the function 554 

that reaches each class and pooled across the three dossiers, the harness detected 201 of 241 555 

discrepancies in the error-detection classes (D1, D3–D7; 83.4%, 78.2–87.6), 65 of 74 in the 556 

specification classes (D2, D8; 87.8%, 78.5–93.5) and 14 of 17 missing documents (D9; 82.4%, 557 

59.0–93.8). Pooled class-level sensitivity ranged from 77.4% for numerical transcription (D1) 558 

to 90.9% for batch mismatch (D4). Intervals overlap widely. The classes therefore cannot be 559 

ranked. 560 

Table 3. Injected discrepancies detected, by class and dossier, grouped by the function that reaches each class. 561 
Cells show discrepancies detected / injected. Denominators are all injected discrepancies. Dossier-level intervals 562 
are Wilson 95% intervals; the pooled total uses random-effects meta-analysis with the Hartung–Knapp 563 
adjustment. Class and function rows give pooled counts with Wilson intervals, are not adjusted for clustering 564 
within records or dossiers, and are exploratory. 565 

Class Dossier A Dossier B Dossier C Pooled Pooled sensitivity, 

% (95% CI) 

Error detection 

D1 Numerical 

transcription 
12/18 12/16 17/19 41/53 77.4 (64.5–86.5) 

D3 Unit mismatch 11/13 10/12 12/14 33/39 84.6 (70.3–92.8) 

D4 Batch mismatch 11/11 8/10 11/12 30/33 90.9 (76.4–96.9) 

D5 Missing value 11/13 10/12 12/14 33/39 84.6 (70.3–92.8) 

D6 Date inconsistency 12/13 10/12 12/14 34/39 87.2 (73.3–94.4) 

D7 Cross-document 

contradiction 
10/13 8/11 12/14 30/38 78.9 (63.7–88.9) 

Subtotal, error 

detection 
67/81 58/73 76/87 201/241 83.4 (78.2–87.6) 

Specification cross-checking 

D2 Specification 

violation 
13/13 10/12 12/14 35/39 89.7 (76.4–95.9) 

D8 Incorrect 

specification 
10/12 8/10 12/13 30/35 85.7 (70.6–93.7) 

Subtotal, specification 

cross-checking 
23/25 18/22 24/27 65/74 87.8 (78.5–93.5) 

Documentation assembly 

D9 Missing supporting 

document 
5/6 4/5 5/6 14/17 82.4 (59.0–93.8) 

Total, all injected 95/112 80/100 105/120 280/332 84.1 (72.4–91.5) 

Sensitivity, % (95% CI) 84.8 (77.0–
90.3) 

80.0 (71.1–
86.7) 

87.5 (80.4–
92.3) 

84.3 (80.0–87.9), 

unadjusted 
— 

 566 
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 567 

Figure 4. Injected discrepancies caught (blue) and missed (grey) by the system in each dossier and in all three 568 
combined. Percentages are the proportion caught, rounded to the nearest whole number; the combined figure is 569 
the unadjusted pooled proportion (280/332). Class-level counts and confidence intervals are given in Table 3. 570 

5.3 Undetected discrepancies 571 

Across the three dossiers, 52 injected discrepancies were not detected: 17 in dossier A, 20 in 572 

dossier B and 15 in dossier C. By class, the misses were D1(14), D7(8), D3(7), D5(7), D6(7), 573 

D8(6), D2(6), D4(6) and D9(6). In dossier A, 5 of the 17 misses had no contradicting record in 574 

the package, each a D1 alteration that remained within its limit, was not restated in another 575 

document and did not enter any printed statistic, so that only the raw instrument record would 576 

contradict it. The other 12 were provisionally reachable: D1(2), D3(1), D5(1), D6(2), D7(6), 577 

D8(1) and D9(2). Reachability in dossiers B and C is still unclassified. No cause analysis was 578 

done. Whether the misses reflect reading errors, rule gaps or scoring decisions is not known in 579 

any dossier. 580 

5.4 Findings outside the register 581 

The total number of findings raised in each run, and the number outside the register, were not 582 

tabulated for this analysis. That omission matters because, without these counts and the 583 

baseline census, findings outside the register cannot be classed as false positives or as genuine 584 

pre-existing defects. No false-positive rate is therefore reported. 585 

5.5 An illustrative finding 586 

A separate 48-page demonstration package was traced end to end with the answer key 587 

available. Its results show how the mechanisms operate but are not evidence of performance, 588 



  

24 

and they are reported in Supplementary Section S2. One finding shows a defect invisible to 589 

one-at-a-time checks. The specification declared a reporting threshold of 0.05% for impurities, 590 

while the validation report established a limit of quantitation of 0.08%. Each value looks 591 

plausible on its own page, yet together they commit the laboratory to reporting impurities at a 592 

level its method cannot quantify, which is not supportable under ICH Q3B(R2) and 593 

Q2(R2)(47,51). The harness bound both values to the same attribute and raised the conflict for 594 

QA verification. This single unblinded example does not establish detection frequency. 595 

6. Discussion 596 

6.1 What the three runs show 597 

The three runs show that an architecture which keeps LLMs out of arithmetic, acceptance 598 

decisions and document authorship detected a similar share of discrepancies in three authentic 599 

dossiers: 80.0% to 87.5%, with a pooled estimate of 84.1% and no detectable heterogeneity 600 

between dossiers. Detection did not depend on one dossier's layout. That reassurance is narrow, 601 

however, because with only three dossiers the heterogeneity test has little power and the pooled 602 

interval (72.4–91.5%) is wide. The results do not show usefulness. A system that raised a 603 

finding on every value would reach 100% sensitivity, so 84.1% cannot be interpreted until the 604 

total findings count, and the false share, are known. At that sensitivity with an unknown false-605 

alarm rate, the system could add work while missing one planted discrepancy in six. The 606 

practical comparison, against experienced QA reviewers under realistic time pressure, has not 607 

been made, and with no published detection rate for this task there is no alternative to compare 608 

against. 609 

Several further features of the design limit what the figures can mean. The same team defined 610 

the taxonomy, built the harness and injected the discrepancies in all three dossiers, and there is 611 

no timestamped evidence that the harness was frozen before the registers were written, so 612 

circularity cannot be excluded. Injection density ran at 7.1 to 12.0 discrepancies per record, 613 

roughly an order of magnitude above real submissions, which may make discrepancies easier 614 

or harder to spot and would distort any false-alarm rate. Each dossier was processed once. Run-615 

to-run variation is therefore unobserved, and agreement between dossiers shows transfer across 616 

dossiers rather than repeatability. Finally, a correctly located and classified finding counted as 617 

a detection even when its case closed as “requires QA verification” or “insufficient evidence”, 618 

and the number of such detections was not tabulated. 619 
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6.2 Contribution relative to prior work 620 

Delegating computation from a language model to code is established(19–21,25), and the 621 

architecture here applies that pattern. The contribution lies elsewhere. First, the protocol in 622 

Section 4.8 defines how a reference corpus for pharmaceutical dossier verification should be 623 

built and used: a censused baseline, independent injection against a cited taxonomy, 624 

reachability defined from documents alone, expert validation with an agreement statistic, 625 

unmodified negative controls, comparators and ablations. Such a corpus, if completed and 626 

released, would be the first benchmark for this task. Second, the architecture maps each 627 

constraint onto an existing regulatory expectation: arithmetic removed from the model's tools, 628 

a source-location requirement before any value is admitted, disagreements preserved rather 629 

than resolved by frequency, and corrections running only from raw data toward summaries(43). 630 

Third, unlike table and claim verification benchmarks that check one statement against one 631 

source(27,30–32), or within-record consistency checking(33), dossier verification reconciles 632 

the same quantity across several documents under fixed source precedence and applies 633 

acceptance rules with regulatory force. 634 

6.3 Regulatory and validation considerations 635 

The separation of roles is intended to make the checking layer qualifiable by established 636 

methods. A risk-based approach under ICH Q9(R1), within the pharmaceutical quality system 637 

described in ICH Q10, would set how much assurance each component needs(63,64). The 638 

calculation modules are small, deterministic, custom (GAMP 5 Category 5) components with 639 

enumerable behaviour, the acceptance criteria are fixed data, and the control flow can be listed 640 

in advance. None of this has yet been validated. The reading layer carries different weight. Its 641 

outputs feed every check, so extraction accuracy is the main residual risk and should be treated 642 

as an AI component under the GAMP AI guidance(22) and the credibility-assessment 643 

frameworks of the FDA(23), with its error rate measured rather than assumed. Keeping the 644 

model out of decisions aligns with that intent, but whether a model that only extracts values 645 

counts as part of a critical application remains a question for the final text and for inspectors. 646 

Hosted models were used (Section 4.5). Their data-transfer, retention and confidentiality 647 

conditions, with submission-holder permission, are prerequisites for regulated use. 648 
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6.4 Limitations 649 

The status of every protocol element and its consequence for interpretation is given in Table 4. 650 

The most consequential limitations are these. There is no false-positive estimate and no count 651 

of total findings, and no comparison with reviewers, baselines or ablated versions. The ground 652 

truth was written by the harness developers without independent validation. Each dossier was 653 

processed once, so repeatability is unmeasured, and intervals are not adjusted for clustering 654 

within records. The remaining gaps are narrower but still material: the test material consists of 655 

submitted dossiers rather than raw QC packages, injection density is unrealistic, and the three 656 

dossiers come from one manufacturer, are all born-digital and cover only oral solid dosage 657 

forms. 658 

Table 4. Status of each element of the evaluation protocol in the present study, and what its absence means for 659 
interpretation. 660 

Protocol element Status in present study Consequence for interpretation 

Sensitivity to injected discrepancies Reported for three dossiers, 

one run each; per-dossier 

Wilson intervals; random-

effects pooling 

Within-record clustering not accounted 

for; class estimates exploratory 

Total findings; findings outside the register Not tabulated (Section 5.4) Detection cannot be weighed against the 

number of alerts raised 

Negative-control run on unmodified 

originals 
Not performed No false-positive estimate 

Baseline census of pre-existing defects Not performed Specificity, precision and F1 cannot be 

computed 

Harness frozen and hashed before injection Not evidenced Circularity between harness and register 

cannot be excluded 

Injection by personnel independent of 

development 
Not performed Discrepancies may reflect the developers' 

expectations 

Expert validation of the register, with kappa Not performed Ground truth is the developers' answer key 

Reachability adjudicated from documents 

alone 
Redefined for dossier A; 

pending for dossiers B and C 
Reachable denominator provisional and 

reported for dossier A only 

Repeatability, three to five runs of the same 

cases 
Not performed (one run per 

dossier) 
Run-to-run stability unknown 

Human-reviewer crossover comparison Not performed No evidence on workload, time or relative 

detection 

LLM-only and rules-only baselines Not performed Benefit of the architecture over simpler 

systems unknown 

Ablation of grounding, consolidation and 

deterministic calculation 
Not performed Contribution of each safeguard untested 

Cell-level extraction accuracy, including 

wrong-cell rate 
Not measured Main residual risk unquantified 

Grounding-threshold sweep Not performed Threshold of 0.50 provisional 

Cause analysis of the 52 misses Not performed Architectural and implementation causes 

cannot be separated 

Multi-dossier corpus; realistic density; 

realism rating 
Three dossiers from one 

manufacturer used; density 

and realism not addressed 

Transfer across three dossiers observed; 

other manufacturers, scanned records and 

non-oral dosage forms untested 
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Protocol element Status in present study Consequence for interpretation 

Deployment record and holder permission Written permission obtained; 

model identifiers and service 

terms in Supplementary Table 

S6 

Reproducibility depends on continued 

availability of the hosted model versions 

Code, container and synthetic benchmark 

release 
Not yet released Results cannot be reproduced 

independently 

 661 

7. Conclusion 662 

Across three authentic dossiers, each processed once, a verification harness that confines 663 

language models to reading, and assigns all calculation and acceptance testing to deterministic 664 

code and all decisions to a qualified reviewer, detected 80.0% to 87.5% of injected 665 

discrepancies (pooled 84.1%; 95% CI 72.4–91.5), in every class in every dossier. Feasibility 666 

across dossiers is established. Usefulness is not. The false-alarm rate, repeatability, comparison 667 

with reviewers and simpler systems, and independent validation of the ground truth remain 668 

unmeasured, and the deployment and permission record must be completed before the work 669 

can be relied on. The principal contribution is the evaluation protocol, specifying a censused 670 

baseline, independent and validated injection, negative controls, comparators, ablations, 671 

repeated runs and cluster-adjusted analysis. Completing that protocol, with repeated runs, 672 

negative controls and comparators on dossiers from different manufacturers, would supply both 673 

a reference benchmark for dossier verification and the evidence needed to judge whether such 674 

systems belong in routine QA review. 675 
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