
R E S E A R C H Open Access

© The Author(s) 2026. Open Access  This article is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0 
International License, which permits any non-commercial use, sharing, distribution and reproduction in any medium or format, as long as you 
give appropriate credit to the original author(s) and the source, provide a link to the Creative Commons licence, and indicate if you modified the 
licensed material. You do not have permission under this licence to share adapted material derived from this article or parts of it. The images or 
other third party material in this article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the 
material. If material is not included in the article’s Creative Commons licence and your intended use is not permitted by statutory regulation or 
exceeds the permitted use, you will need to obtain permission directly from the copyright holder. To view a copy of this licence, visit ​h​t​t​p​​:​/​/​​c​r​e​a​​t​i​​
v​e​c​​o​m​m​​o​n​s​.​​o​r​​g​/​l​​i​c​e​​n​s​e​s​​/​b​​y​-​n​c​-​n​d​/​4​.​0​/.

Mortezaagha et al. BMC Medical Research Methodology          (2026) 26:119 
https://doi.org/10.1186/s12874-026-02847-8

BMC Medical Research 
Methodology

*Correspondence:
Pouria Mortezaagha
pmortezaagha@ohri.ca

Full list of author information is available at the end of the article

Abstract
Background  Biomedical evidence synthesis depends on accurate extraction of methodological, laboratory, and 
outcome variables from full-text research articles. These variables are predominantly embedded in complex scientific 
PDFs that interleave multi-column text, tables, figures, and captions, making manual abstraction time-intensive, 
error-prone, and increasingly impractical at the scale of contemporary systematic reviews. Despite advances in layout-
aware and multimodal document models, end-to-end extraction systems suitable for evidence synthesis remain 
constrained by limited throughput, OCR error propagation, and insufficient auditability.

Methods  We propose a schema-constrained AI extraction system that transforms full-text biomedical PDFs into 
structured, analysis-ready records by explicitly restricting model inference through typed schemas, controlled 
vocabularies, and evidence-gated decisions. Documents are ingested using resume-aware hashing, partitioned 
into page-level and caption-aware chunks, and processed asynchronously under explicit concurrency and rate-
limiting controls. A high-accuracy OCR model is guided by multiple domain-specific schemas covering bibliographic 
metadata, study design, populations, laboratory assays, timing and thresholds, clinical outcomes, and diagnostic 
performance. Chunk-level outputs are deterministically merged into study-level records using controlled vocabularies, 
conflict-aware handling of scalar fields, set-based aggregation of list-valued fields, and sentence-level evidence 
capture to enable traceability and post-hoc audit.

Results  Applied to a corpus of 734 biomedical articles on direct oral anticoagulant (DOAC) level measurement, 
the pipeline processed all documents without manual intervention while maintaining stable throughput. Schema-
constrained extraction exhibited strong internal consistency, with sentence-level provenance populated for nearly 
all supported decisions. Iterative schema and prompt refinement yielded substantial improvements in extraction 
fidelity, particularly for outcome definitions, assay classification, and global coagulation testing. Outputs included 
reproducible CSV/Parquet datasets and caption-aware multimodal markdown reconstructions supporting efficient 
expert review.

Conclusions  Schema-constrained AI extraction enables scalable and auditable extraction of structured evidence 
from heterogeneous scientific PDFs. By combining deterministic chunking, asynchronous orchestration, controlled 
vocabularies, sentence-level provenance, and aggregated analytical outputs, the proposed pipeline aligns modern 
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Introduction
Biomedical evidence synthesis increasingly relies on 
transforming large volumes of full-text scientific lit-
erature into structured, analysis-ready representations. 
While abstracts and curated databases provide partial 
coverage, essential methodological and clinical details 
such as study design, patient populations, laboratory 
assays, decision thresholds, and outcome definitions are 
reported primarily within the full text and are dispersed 
across narrative sections, tables, figures, and captions 
embedded in complex document layouts (Fig. 1), render-
ing manual abstraction labor-intensive, error-prone, and 
fundamentally unscalable.

This challenge is no longer marginal. The volume of 
biomedical publications now exceeds what can be realis-
tically processed by human reviewers alone, even within 
narrowly defined clinical domains [1]. Systematic reviews 
and guideline updates increasingly confront thousands of 
full-text articles, each requiring careful interpretation of 
heterogeneous reporting practices. As a result, evidence 
synthesis workflows remain bottlenecked by manual 
annotation [2], despite substantial progress in document 
understanding and natural language processing, and a 
growing ecosystem of tools designed to improve system-
atic review efficiency [3].

Automating this process is complicated by the domi-
nance of the PDF format, which preserves visual appear-
ance rather than semantic structure. Scientific PDFs 
encode text as positioned glyphs rather than logical 
units, and routinely employ multi-column layouts, float-
ing tables and figures, dense numerical reporting, and 
caption-embedded methodological information. Errors 
in reading-order reconstruction, table detection, or cap-
tion association can cascade into downstream extraction 
failures, particularly in biomedical contexts where small 
numerical or categorical inaccuracies materially affect 
interpretation. Reliable extraction from scientific PDFs, 
therefore, requires not only accurate text recognition 
but robust layout awareness, semantic grounding, and 
mechanisms to control inference under ambiguity. Fig-
ure 2 summarizes the structural and layout heterogeneity 
of scientific PDFs that systematically hinders scalable and 
auditable evidence extraction.

Recent advances in layout-aware transformers, mul-
timodal document models, and neural transcription 
systems have substantially improved the structural and 
semantic parsing of scientific documents. However, these 

models remain sensitive to OCR noise, layout heteroge-
neity, and domain shift, and often lack explicit guarantees 
of traceability. In high-stakes biomedical applications, 
accuracy alone is insufficient: extracted variables must be 
auditable, reproducible, and explicitly linked to support-
ing evidence in the source document.

These challenges are especially acute in laboratory-
based clinical research, where reporting heterogene-
ity is high and key variables are frequently expressed in 
non-narrative form. Studies of direct oral anticoagu-
lant (DOAC) level measurement exemplify this com-
plexity, reporting diverse assay families, pre-analytical 
conditions, sampling times, diagnostic thresholds, and 
outcome definitions that are often embedded in tables 
or figure captions. Scalable and standardized extraction 
of such information is essential for comparative evalua-
tion and evidence synthesis, yet remains impractical with 
manual workflows given current publication volumes [4].

This work addresses the following research question: 
Can AI systems be designed to extract structured evidence 
from full-text biomedical PDFs at scale while explicitly 
constraining inference to ensure auditability across het-
erogeneous document layouts?

Specifically, we aim to achieve scale without sacrificing 
controllability by constraining outputs to typed schemas 
and attaching sentence-level provenance to key variables.

To this end, we propose an end-to-end, OCR-driven 
pipeline that couples high-accuracy document transcrip-
tion using Mistral OCR 3 (mistral-ocr-2512), a mul-
timodal vision-language model, with schema-constrained 
structured extraction. Mistral OCR 3 was selected for 
its native support for schema-constrained structured 
output via JSON schema enforcement, high-accuracy 
multimodal page understanding with layout awareness, 
and competitive throughput under API-based deploy-
ment. Documents are processed at the page level using 
deterministic chunking and asynchronous orchestra-
tion, enabling stable large-scale execution under service 
constraints. Domain-specific schemas restrict outputs to 
typed fields with controlled vocabularies and explicit neg-
ative rules, while sentence-level evidence is captured for 
key decisions to ensure traceability and post-hoc auditing.

We evaluate the pipeline on a corpus of biomedical 
research articles related to DOAC level measurement, 
spanning randomized trials, observational studies, diag-
nostic accuracy studies, and systematic reviews. The 
results demonstrate reliable corpus-scale processing, 

document understanding capabilities with the transparency, reproducibility, and reliability demands of biomedical 
evidence synthesis.
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high internal consistency across extraction payloads, and 
substantial improvements in practical extraction fidel-
ity following iterative schema and prompt refinement. By 
integrating layout-aware OCR, explicit schema constraints, 
and evidence-centric design, this work presents a practical 
and extensible framework for automated biomedical lit-
erature annotation that is aligned with the scale, rigor, and 
transparency demands of modern evidence synthesis.

ContributionsThe contribution of this work is not any 
single component in isolation, but the principled inte-
gration of schema constraints, evidence gating, and 
deterministic merging into a reproducible end-to-end 
workflow that addresses the specific failure modes of bio-
medical evidence synthesis. Specifically:

 	• We propose a schema-constrained AI extraction 
system that governs long-document inference 
through typed schemas, controlled vocabularies, and 
explicit negative rules, reducing over-inference under 
heterogeneous layouts and OCR noise.

 	• We formalize a deterministic chunking and 
consolidation strategy that reconciles page-level 

annotations into coherent study-level records, enforcing 
consistency for scalar fields, set-based aggregation for 
list-valued fields, and explicit conflict detection.

 	• We treat sentence-level provenance as a first-class 
output, binding synthesis-critical variables to explicit 
supporting text to enable transparent audit, expert 
adjudication, and reproducible refinement.

 	• We validate the approach through corpus-scale 
evaluation in a challenging laboratory medicine 
domain (DOAC level measurement), demonstrating 
stable throughput under service constraints and 
improved extraction fidelity via expert-in-the-loop 
schema refinement.

Related work
Scientific knowledge remains predominantly dissemi-
nated as PDF, a format optimized for visual presentation 
rather than machine-readable structure. Information 
extraction (IE) from scientific PDFs is inherently a multi-
stage problem requiring reconciliation of visual layout, 
symbolic text, and document semantics. Progress has 

Fig. 2  Structural challenges of scientific PDFs for evidence extraction

 

Fig. 1  From unstructured scientific PDFs to structured, provenance-linked evidence
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followed a trajectory from heuristic layout analysis to neu-
ral approaches that integrate layout with language.

Structural reconstruction and early scholarly PDF extraction
Most scholarly PDF IE pipelines begin with structural 
reconstruction, recovering spatial text units before segment-
ing content. Systems such as GROBID, CERMINE, and 
ParsCit use layout cues and learned models to extract bib-
liographic metadata and references [5–7], but rely on hand-
crafted features that degrade under heterogeneous layouts. 
A central design choice is whether to treat PDFs as text-first 
(preserving exact text from born-digital PDFs) or image-
first (processing via OCR). These tradeoffs motivate hybrid 
approaches combining OCR with explicit constraints.

From heuristic rules to feature-based learning
Early scholarly PDF IE relied on heuristic layout analysis 
using rules over font size, indentation, and keyword pat-
terns [8, 9], but such systems degrade under distribution 
shift. Feature-based machine learning improved gener-
alizability: GROBID and ParsCit employ CRFs with engi-
neered features [5, 7, 10], and CERMINE uses a modular 
workflow for metadata extraction [6]. However, these 
approaches still depend on task-specific feature design and 
struggle with long-range dependencies. Large-scale cor-
pora such as S2ORC highlighted the importance of reliable 
PDF-to-structure conversion for scientific text mining [11].

Deep learning for layout and multimodal structure
Deep learning reduced reliance on manual feature engi-
neering for document layout analysis. Systems such as 
PDFFigures 2.0 target figure, table, and caption extraction 
[12, 13], while VILA leverages visual layout groupings for 
structured extraction [14]. Datasets such as PubLayNet, 
DocBank, and OmniDocBench provided supervision for 
training scientific layout models [15–17].

Layout-aware transformers and relational document modeling
A major advance in document understanding has been 
the integration of spatial layout into transformer-based 
language models. LayoutLM introduced joint modeling 
of token text and two-dimensional position embeddings 
[18], and LayoutLMv2 extended this paradigm by incor-
porating visual features to improve cross-modal align-
ment in visually rich documents [19]. DocFormer further 
unified textual, spatial, and visual representations within 
a single end-to-end architecture [20].

Subsequent work expanded toward layout-aware gen-
erative modeling. DocLLM conditions generative lan-
guage models on bounding-box embeddings to produce 
structured text that respects document layout without 
heavy visual encoders [21], while GraphDoc models 
documents as relational graphs to explicitly encode read-
ing order, hierarchy, and dependencies between regions 

[22]. These approaches reduce structural ambiguity aris-
ing from multi-column layouts and long-range depen-
dencies, but they remain sensitive to domain shifts, 
scanned document quality, and heterogeneous format-
ting conventions.

Semantic extraction with scientific language models
Layout reconstruction alone is insufficient for biomedi-
cal evidence synthesis, which requires reliable extraction 
of entities and relations. Pretrained scientific language 
models such as SciBERT improve this semantic layer 
[23–25], but document pipelines often decouple layout 
parsing from semantic extraction, and errors in either 
stage can undermine downstream reliability.

OCR-driven and end-to-end transcription approaches
Recent work has revisited OCR itself as a learning 
problem for scientific documents containing complex 
typography, symbols, and mathematics. Nougat pro-
poses a visual transformer that converts scientific PDFs 
into structured markup-like representations, aiming to 
recover semantic structure lost in traditional OCR pipe-
lines [26]. Related models such as TextMonkey explore 
end-to-end neural transcription through vision–lan-
guage pretraining [27], while subsequent work improves 
long-document fidelity and layout robustness for scien-
tific OCR [28]. More recently, olmOCR demonstrates 
large-scale PDF-to-text conversion using vision-language 
models, achieving high throughput on diverse document 
collections [29]. These approaches blur the boundary 
between transcription and semantic understanding.

OCR-free document understanding models, such as 
Donut, bypass explicit OCR by directly generating struc-
tured outputs from document images [30]. While appeal-
ing in principle, such end-to-end systems pose challenges 
for high-stakes biomedical extraction, including limited 
controllability, difficulty enforcing domain-specific con-
straints, and challenges in attaching verifiable sentence-
level evidence. Consequently, OCR-driven pipelines 
augmented with explicit schemas and provenance track-
ing remain attractive for applications prioritizing trans-
parency, reproducibility, and auditability [31–33].

Schema-constrained and evidence-centric extraction
A persistent challenge in scientific PDF IE is controlling 
error propagation at scale. OCR noise can distort drug 
names and numeric values, layout errors can detach cap-
tions or disrupt reading order, and semantic models may 
hallucinate when evidence is ambiguous. Analyses such 
as Document Parsing Unveiled demonstrate that many 
downstream failures originate from early-stage structural 
misalignment rather than limitations in language mod-
eling [34]. This motivates explicit control mechanisms 
beyond increased model capacity.
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Schema-constrained extraction constrains outputs to 
typed fields with closed vocabularies, explicit negative 
rules, and well-defined decision hierarchies, reducing 
spurious inference by limiting the model’s degrees of free-
dom [35, 36]. Complementarily, evidence-centric design 
requires sentence- or paragraph-level justifications for key 
decisions, binding each structured value to its textual prov-
enance and enabling systematic audit. These principles 
align with recent work such as CogDoc, which emphasizes 
structured, cognitively grounded reasoning over complex 
documents to improve reliability and interpretability [37].

In summary, despite advances from heuristic pars-
ing to layout-aware transformers and end-to-end neural 
transcription, the primary challenge for biomedical evi-
dence synthesis is not incremental accuracy, but robust 
end-to-end reliability under heterogeneous layouts and 
document quality. Schema-constrained extraction with 
explicit provenance provides a practical foundation for 
scalable, traceable, and reproducible scientific annotation.

Methods
Overview of the computational pipeline
We developed an end-to-end computational pipeline to 
transform full–text biomedical articles in PDF format 

into structured, analysis–ready records. The system cou-
ples a schema–constrained representation of domain 
knowledge with a large–scale, asynchronous orchestra-
tion layer built on top of the Mistral OCR engine. At a 
high level, the pipeline (i) ingests and normalizes PDF 
documents, (ii) segments them into page–level chunks to 
respect model context limits, (iii) submits each chunk to 
a schema–aware OCR model configured with multiple, 
domain–specific payloads, (iv) merges and reconciles 
chunk–level annotations into a single study–level record, 
and (v) exports tabular and human–readable artifacts for 
downstream analysis and quality assurance.

The overall design is guided by three principles: (i) con-
servatism (fields are populated only when explicitly sup-
ported by the article), (ii) traceability (each complex 
decision is backed by verbatim text from the source manu-
script), and (iii) scalability (hundreds of long PDFs can be 
processed in parallel while respecting upstream rate limits).

An overview of the full pipeline architecture is shown 
in Fig. 3, and the complete implementation is available on 
GitHub [38].

Algorithm 1 formalizes the high-level end-to-end work-
flow, while Algorithm 2 details the bounded parallel OCR 
execution and retry logic used within each document.

Algorithm 1 Schema-constrained OCR pipeline for scalable evidence extraction
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Algorithm 2 Bounded parallel OCR execution and retry logic

Document corpus and ingestion
The corpus consists of biomedical research articles in 
PDF format, including randomized trials, observational 
studies, pharmacokinetic studies, diagnostic test accu-
racy studies, and systematic reviews, all pertaining to 
direct oral anticoagulant (DOAC) therapy and DOAC 
level measurement. The pipeline assumes that PDFs are 
available in a local or network–mounted directory, but it 
makes no assumptions about journal, publisher, or layout.

As illustrated in Fig. 4, the ingestion module performs 
deterministic file discovery, hashing, and resume-aware 
initialization (i.e., the pipeline consults a persistent index 
of previously processed documents and skips any whose 
source key already appears in the output, enabling incre-
mental execution without redundant OCR calls) before 
any downstream processing is invoked.

Each document undergoes a standard ingestion procedure: 

1.	 Canonical identification. For each PDF, we compute 
a stable source key as h = SHA1(CanonicalID(f)), 

where CanonicalID denotes a deterministic 
normalization of the file identifier (Unicode 
normalization, case-folding, path separator 
normalization, and whitespace collapsing) 
before hashing. This hash serves as a stable 
surrogate identifier (source key) used to index 
all downstream artefacts (tables, charts, and 
markdown reconstructions). The source key provides 
reproducible linking between extracted records and 
their originating PDFs while avoiding exposure of file 
paths or directory structures. Stability is guaranteed 
within a processing environment and across repeated 
runs, but not across arbitrary renaming unless the 
same canonical identifier is preserved.

2.	 Normalization to base64. The full binary content of 
each PDF is read and encoded as a base64 string. 
This string is subsequently wrapped in a standard 
data:application/pdf;base64,... 
URL and passed to the OCR engine as the primary 
document payload. This representation avoids 
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intermediate file uploads and ensures consistent 
handling across platforms.

3.	 Page–level introspection. The number of pages in 
each document is computed using a PDF parser. 
Documents with zero or invalid page counts 

are excluded from further processing. The page 
count (denoted n) is later used to construct non-
overlapping page chunks.

The ingestion layer maintains a persistent index of 
already processed documents. When the pipeline is re–
run on an updated or expanded corpus, this index is con-
sulted, and documents whose source key already appears 
in the final annotation table are skipped. This resumable 
execution pattern is crucial for large–scale evidence syn-
thesis workflows where corpora evolve.

Schema–constrained AI inference design
To constrain the behaviour of the OCR model and align 
extraction with domain expertise, we constructed a set of 
structured schemas representing the variables required 
for downstream evidence synthesis. These schemas were 
implemented using typed data models (Pydantic) but are 
best understood as formal ontologies comprising con-
trolled vocabularies, decision hierarchies, and explicit 
negative rules.

Five major payloads were defined, each capturing a 
coherent domain: 

1.	 bibliographic and study design characteristics;
2.	 patient population, indications, and subgroups;
3.	 laboratory methods and assay–related descriptors;

Fig. 3  Overview of the schema-constrained OCR pipeline. PDFs are ingested and chunked, processed asynchronously with schema-constrained OCR, 
merged into study-level records, and exported as structured tables and reviewable outputs

 

Fig. 4  Overview of the ingestion and resume logic. The system discovers 
PDF files, computes file identifiers and page counts, encodes documents, 
and uses a persistent index to determine whether each file requires pro-
cessing. Documents already present in the index are skipped to ensure 
efficient, incremental execution
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4.	 timing, thresholds, clinical outcomes, and follow–up; 
and

5.	 diagnostic performance metrics for surrogate assays.

Each payload combines: (i) primitive fields (e.g., inte-
ger patient counts, verbatim text), (ii) categorical fields 
restricted to a closed set of labels using enumerations, 
and (iii) parallel “evidence” fields that store the exact 
sentence(s) or paragraph(s) from which each classifica-
tion decision was derived.

Payload blocks and target constructs
Table  1 summarizes the five payload blocks and high-
lights the conceptual constructs they target.

All payloads share a common guideline philosophy: the 
model is explicitly instructed not to infer or guess, to set 
fields to null when information is ambiguous or absent, 
to rely exclusively on explicit statements in the main 
body of the PDF (excluding references and acknowledg-
ments), and to resolve conflicts only when a clearly domi-
nant statement can be identified (e.g., a formal definition 
in the Methods section).

For complex categorical decisions, the schema descrip-
tions encode explicit hierarchies. For example, diagnos-
tic test accuracy studies must be recognized as such and 
not mislabelled as generic prospective cohorts, and phar-
macokinetic studies must not be conflated with broader 
clinical outcome cohorts when the primary objective 
is exposure quantification. These rules are expressed 
directly in the field–level documentation consumed by 
the OCR model, thereby aligning the model’s decision 
logic with the expectations of human experts.

Sentence–level evidence for auditability
For each high–level classification (e.g., study design, rel-
evant subgroup, indication for DOAC level measure-
ment, threshold used for clinical management, outcome 

definition), there is an associated “sentence from text” 
field. During extraction, the model is requested to quote 
the exact sentence(s) or paragraph(s) that justify the 
chosen label(s). This parallel evidence field is critical for 
post–hoc auditing and explainability, allowing human 
reviewers to verify whether the model’s interpretation is 
faithful to the source.

Schema construction and prompt design
The five extraction schemas were developed iteratively 
through collaboration between NLP engineers and a 
domain expert in DOAC level measurement. Initial 
schema drafts were informed by the variables required 
for downstream evidence synthesis and refined over mul-
tiple review cycles against pilot extraction outputs from 
representative articles spanning diverse study designs 
and reporting styles.

Each schema payload is accompanied by a natural-
language prompt (system message) that instructs the 
model on extraction behavior. These prompts encode: (i) 
conservatism rules directing the model to populate fields 
only when explicitly supported by text and to default to 
null under ambiguity; (ii) conflict resolution hierarchies 
specifying that formal definitions in Methods sections 
take precedence over informal mentions in Discussion 
or Introduction; and (iii) evidence-quoting requirements 
mandating verbatim sentence extraction for all high-level 
classification decisions.

The schema definitions (implemented as Pydantic 
models) serve dual roles: they constrain the model’s out-
put format through JSON schema enforcement, and they 
document the extraction logic through detailed field-
level descriptions that function as embedded annotation 
guidelines. This design ensures that schema evolution 
is self-documenting and that any change to extraction 
behavior is traceable to a specific schema or prompt 
revision.

Table 1  Overview of schema payload blocks and the high–level constructs they encode
Payload Conceptual 

domain
Representative constructs

Meta–design Bibliography and 
study design

Journal and article metadata; field/specialty; year; first–author affiliation; primary study design (e.g., randomized 
controlled trial, cohort, diagnostic test accuracy); verbatim design justification.

Population & 
indications

Patient popula-
tion and clinical 
context

Total patients with level measurements; DOAC molecules assayed (Apixaban, Rivaroxaban, Edoxaban, Betrixaban, Dabi-
gatran); indications for anticoagulation (e.g., atrial fibrillation, VTE); explicitly studied subgroups (e.g., CKD, bariatric sur-
gery, obesity, urgent surgery); indications for DOAC level measurement (e.g., guide thrombolysis, confirm adherence).

Methods Assays and 
pre–analytical 
variables

DOAC level measurement methods (e.g., LC–MS/MS, calibrated anti–Xa assays, ecarin–based assays, qualitative 
point–of–care tests); assay descriptors and synonym mapping; pre–analytical conditions (tube type, centrifugation, 
storage); concurrent conventional and global coagulation testing (PT, aPTT, thrombin generation, viscoelastic tests).

Outcomes Timing, thresh-
olds, and clinical 
outcomes

Timing of sample collection relative to dosing (peak, trough, random, not reported); thresholds for DOAC concen-
tration and their use in clinical management; turnaround time; whether clinical outcomes were measured; outcome 
types (bleeding, thromboembolism); follow–up duration bands; formal outcome definitions (e.g., ISTH, BARC).

Diagnostic 
performance

Performance of 
surrogate assays

Diagnostic metrics (sensitivity, specificity, PPV, NPV) for categorical cutoffs; continuous correlations (Spearman, 
Pearson) between surrogate assays and DOAC levels; comparator assay families (PT, aPTT, TT, dTT, LMWH–calibrated 
anti–Xa, viscoelastic tests, thrombin generation).



Page 9 of 22Mortezaagha et al. BMC Medical Research Methodology          (2026) 26:119 

Mistral OCR engine and schema–constrained annotation
The extraction pipeline employs Mistral OCR 3 (API 
identifier: mistral-ocr-2512, released December 
2025) as its OCR backbone, a multimodal vision-lan-
guage model that processes document pages as images 
and produces structured outputs. Mistral OCR 3 achieves 
88.9% accuracy on handwriting recognition and 96.6% on 
table extraction benchmarks, and generates Markdown 
output enriched with HTML-based table reconstruc-
tion. The model was selected for four reasons: (i) native 
schema-constrained output mode allowing direct JSON 
schema enforcement without post-hoc parsing, (ii) high-
quality page-level OCR with layout awareness for multi-
column scientific PDFs, (iii) a stable commercial API 
with rate-limiting support suitable for large-scale batch 
processing, and (iv) competitive pricing ($2 per 1,000 
pages) enabling corpus-scale deployment. Because Mis-
tral OCR 3 is accessed as a commercial API, results may 
vary across API versions; we report the specific model 
identifier to support reproducibility.

All downstream interpretation is governed by explicit 
schema constraints. Rather than producing unstructured 
text alone, the OCR stage is coupled with schema-aware 

annotation that yields fully typed, structured JSON 
objects conforming to predefined extraction payloads.

The OCR and schema-guided extraction workflow 
(Fig.  5) provides a high-level schematic of the pipeline 
in which PDF documents are partitioned into page-
level chunks, scheduled asynchronously under explicit 
concurrency and rate-limiting constraints, and pro-
cessed through schema-constrained OCR to yield struc-
tured, schema-conformant annotations for downstream 
consolidation.

Document representation and page chunking
Each PDF is presented to the OCR engine as a base64–
encoded data:application/pdf URL together with 
a list of page indices to be processed. To respect context 
limits and control request sizes, documents are parti-
tioned into non-overlapping chunks of at most k pages 
(with k = 8 in the reference configuration). For an n–
page article, the set of chunks is:

	 C = { {0, . . . , k − 1}, {k, . . . , 2k − 1}, . . . },

with the last chunk potentially shorter. Each chunk is 
processed independently by the OCR model, but all 
resulting annotations are later merged back into a single 
study–level record.

Schema–aware OCR requests
For each page chunk, multiple payloads are submitted 
concurrently to the Mistral OCR engine. Conceptually, 
the request consists of:

 	• a document input (the page–range–restricted PDF 
encoded as a base64 URL);

 	• a document annotation format, which exposes to 
the model the desired schema (e.g., the meta–design 
payload or the outcomes payload), including the field 
names, types, and descriptions; and

 	• an optional bounding–box annotation format used 
when image–level annotations are requested, 
describing the type and textual explanation for each 
detected image region (graph, table, text–only image, 
other).

The OCR model returns an object comprising: (i) page–
level text reconstructions (including layout–aware mark-
down for each page) and (ii) a document annotation 
field which encodes the schema–constrained extraction. 
Because the schema includes closed vocabularies and 
detailed descriptions, the response adheres closely to 
domain expectations. For instance, DOAC molecules are 
reported as lists constrained to a fixed set of drug names, 
and outcome definitions are restricted to recognized tax-
onomies such as the International Society on Thrombosis 

Fig. 5  Schema-constrained OCR extraction. Page-level OCR calls operate 
under rate-limiting with retry logic, producing structured outputs aligned 
with predefined extraction schemas. The system identifies captions, ex-
tracts text and figures, and compiles chunk-level annotations for down-
stream merging
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and Haemostasis (ISTH) and the Bleeding Academic 
Research Consortium (BARC).

The same page chunk is independently annotated 
under each payload, producing complementary but con-
sistent views of the underlying text (e.g., one payload 
focuses on methods and assays, another on indications 
and subgroups, another on outcomes and performance 
metrics).

Image–level annotations and caption–aware chunking
When image analysis is enabled, the pipeline augments 
textual extraction with a dedicated image–annotation 
stream. For each page, the Mistral OCR engine identi-
fies all embedded images and returns associated image 
objects consisting of: (i) a base64 representation of the 
cropped image region, (ii) a structured bounding–box 
coordinate set, and (iii) a natural–language description 
summarizing the visual content (for example “Kaplan–
Meier curve for major bleeding”, “Study flow diagram”, or 
“Box–plot of anti–Xa levels by body weight category”).

Critically, the pipeline also treats image captions as 
independent semantic units. Each caption is isolated from 
the page layout, extracted as a standalone text chunk, and 
processed by the OCR model with the same schema–
governed constraints applied to body paragraphs. This 
design acknowledges that captions in biomedical litera-
ture often contain substantive methodological or numer-
ical information (e.g., definition of thresholds, subgroup 
labels, assay descriptions, or outcomes referenced in fig-
ures). By elevating captions to first-class textual objects, 
the pipeline ensures that caption-encoded concepts can 
contribute to structured extraction when they align with 
schema definitions, while still preserving the caption’s 
provenance for later auditing.

Image-level outputs contribute to the pipeline in 
two ways: (i) caption-aware text extraction, where cap-
tions are processed as first-class text units that contrib-
ute directly to structured extraction when they contain 
schema-relevant information (e.g., threshold definitions, 
assay descriptions, or outcome labels), and (ii) multi-
modal markdown reconstructions, where image metadata 
and base64-encoded figures are embedded alongside text 
to support efficient human review. However, the pipe-
line does not perform figure or plot data extraction (e.g., 

reading numeric values from bar charts or Kaplan–Meier 
curves); this is noted as future work. The combination of 
caption-aware text extraction and image metadata lays 
the groundwork for future multimodal extensions such 
as figure classification, quantitative data extraction from 
plots, or transformer-based fusion models that integrate 
textual and visual evidence.

Asynchronous orchestration and large–scale processing
To achieve high throughput while respecting external 
constraints, the pipeline orchestrates OCR calls using an 
asynchronous execution model with explicit rate–limit-
ing and retry policies.

Concurrency and rate–limiting
Two distinct mechanisms control the pace of interaction 
with the OCR service: 

1.	 Global concurrency control. A fixed upper bound on 
the number of simultaneously active OCR requests 
is enforced using a semaphore. This ensures that 
neither the remote service nor the local system is 
overwhelmed by too many in–flight requests.

2.	 Time–based rate–limiting. An additional rate–
limiter enforces a minimum inter–request interval, 
effectively capping the number of OCR calls per 
second. Before each OCR call is dispatched, the rate–
limiter checks the time elapsed since the previous 
request and, if necessary, introduces a short delay 
to maintain the desired requests–per–second (RPS) 
level.

Robust retry strategy
Transient API errors (e.g., HTTP 429 responses, “rate 
limit” or “quota” messages) are handled via an exponen-
tial backoff strategy. When such an error is detected, the 
pipeline:

 	• classifies the exception as rate–limit–related based 
on the status code and error text;

 	• suspends subsequent calls for a brief period; and
 	• retries the failed request up to a small, predefined 

maximum number of attempts (three in the 
reference configuration), doubling the wait time 

Table 2  Key system–level parameters controlling document chunking, concurrency, and throughput
Parameter Default 

value
Rationale

Maximum pages per 
request (k)

8 Balances context utilization and robustness; small enough to keep each OCR call well within model context limits 
and to localize failures to a small part of the document.

Maximum concurrent 
OCR calls

3 Limits simultaneous requests to the OCR service, preventing saturation while still providing meaningful parallel-
ism on typical multi–core systems.

OCR request rate (RPS) 5 Caps the number of calls per second to respect upstream rate–limit guidance and allow steady–state through-
put without frequent throttling.

Maximum retry attempts 3 Provides a safety margin for transient failures while avoiding long–running retry loops in the presence of persistent errors.
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after each failure within specified minimum and 
maximum bounds.

This ensures that short–lived spikes in demand or tempo-
rary service throttling do not cause large–scale failures, 
while also preventing unbounded retry loops that might 
exacerbate upstream load.

System–level configuration parameters
Table  2 summarizes the principal system–level param-
eters controlling chunking, concurrency, and throughput, 
together with the rationale for their default values.

Through the combination of chunking, bounded con-
currency, and rate–limiting, the pipeline can process 
large corpora stably and predictably, with graceful degra-
dation under adverse network or service conditions.

The principal design choices underlying these param-
eters were made to balance extraction quality against 
operational robustness. The chunk size k = 8 was empiri-
cally chosen to balance context utilization against failure 
localization: larger chunks risk exceeding the effective 
context window and entangle failures across many pages, 
whereas smaller chunks fragment cross-page information 
and increase API call volume. Non-overlapping, deter-
ministic chunking ensures each page is processed exactly 
once, avoiding deduplication complexity; cross-chunk 
information is recovered during the merging phase 
(Study–level record construction and tabularization sec-
tion). The decomposition into five complementary 
schema payloads reflects the domain structure of DOAC-
related evidence synthesis and keeps individual payloads 
within manageable complexity; running all five payloads 

on each chunk ensures comprehensive variable coverage 
without requiring the model to attend to all constructs 
simultaneously.

Study–level record construction and tabularization
Each page chunk yields a set of structured annotations 
for each payload. To obtain a single, coherent record 
per study, these annotations must be reconciled across 
chunks and payloads.

As illustrated in Fig.  6, schema-conformant annota-
tions extracted from individual page chunks are recon-
ciled into a single study-level record using deterministic 
merging rules that enforce consistency for scalar fields, 
aggregate list-valued fields, and preserve sentence-level 
evidence across chunks.

Within–payload merging across chunks
For a given payload (e.g., methods or outcomes), the 
annotations from all page chunks belonging to the same 
PDF are merged as follows:

 	• For fields representing unique study–level properties 
(e.g., publication year, primary study design), the 
pipeline requires that all non–null values be 
identical. If conflicting values are detected, the 
record is flagged for manual review rather than 
arbitrarily selecting one.

 	• For multi–valued fields (e.g, lists of DOAC 
molecules, subgroups, thresholds, comparator 
assays), values across chunks are combined into 
a set and then converted back to a list to remove 
duplicates while preserving order of first appearance.

Fig. 6  Deterministic consolidation of chunk-level annotations into a study-level record. Outputs extracted independently from page-level chunks are 
merged using schema-defined rules: scalar fields must agree across chunks, list-valued fields are de-duplicated and combined, and sentence-level evi-
dence is retained for auditability

 



Page 12 of 22Mortezaagha et al. BMC Medical Research Methodology          (2026) 26:119 

 	• For evidence fields (sentence–level justifications), 
the set of all distinct quoted sentences is retained, 
enabling reviewers to see every place in the article 
where a particular concept was described.

In this way, the system produces a payload–specific, 
study–level annotation that integrates information scat-
tered across the entire article.

Cross–payload integration
Once each payload has been merged across chunks, the 
resulting payload–level annotations are further inte-
grated into a single study–level record. Because the 
schemas are designed to be complementary rather than 
overlapping, conflicts across payloads are rare. Where 
multiple payloads touch on related constructs (e.g., labo-
ratory methods appearing in both methods and diagnos-
tic performance payloads), the integration logic preserves 
all non–redundant values.

The final study–level records are exported in both 
row–oriented (CSV) and columnar (Parquet) formats. 
The ordering and naming of columns are derived directly 
from the schema definitions, yielding a stable, machine–
generated data dictionary and ensuring that every row is 
schema–conforming even when individual studies do not 
populate all fields.

Post–extraction synthesis, quality assurance, and 
visualization
Beyond producing structured tables, the pipeline gener-
ates artefacts to support exploratory analysis and quality 
assurance.

Markdown reconstructions
For each document, a human–readable markdown 
reconstruction is produced by combining: 

1.	 a header summarizing the structured annotations 
for that document (payload–specific key–value pairs 
rendered as bolded text); and

2.	 page–level markdown derived from the OCR 
output, in which image placeholders are replaced 
with base64–encoded inline images and their 
corresponding annotations.

These reconstructions provide a compact, navigable 
view of each article and allow reviewers to quickly verify 
whether extracted values (e.g., study design, thresholds, 
subgroups) are consistent with the text and figures.

Aggregation and distributional summaries
At the corpus level, multi–valued fields (e.g., lists of 
DOACs, subgroups, tests) are normalized through Uni-
code case-folding, whitespace collapsing, and mapping of 

known synonyms to canonical labels (e.g., “anti-Xa assay”, 
“chromogenic anti-FXa”, and “calibrated anti-Xa” all map 
to “Calibrated anti-Xa assay”). After normalization, fields 
are, when appropriate, combined into composite strati-
fied variables (such as DOAC molecule by type of coagu-
lation test). Value–count distributions are computed on 
the canonical labels for all fields and exported as a multi–
sheet spreadsheet in which each sheet corresponds to 
one variable. For each variable, the sheet contains both a 
complete frequency table and an automatically generated 
bar chart summarizing the most prevalent categories.

This artifact provides an immediate, visual overview 
of the extracted dataset and facilitates the detection of 
anomalous patterns (e.g, unexpectedly frequent labels, 
missing categories in the presence of textual evidence) 
that may warrant targeted evaluation of the schemas or 
model behaviour.

Proxy transcription quality assessment
Because character-level ground truth is typically unavail-
able at corpus scale, OCR fidelity was assessed using a 
proxy transcription-quality score rather than direct char-
acter error rate. A rule-based validation module com-
puted document- and chunk-level quality indicators from 
OCR outputs, including: (i) character corruption, mea-
sured as the fraction of tokens containing three or more 
consecutive non-alphanumeric characters; (ii) numeric 
sanity, checking whether extracted patient counts, 
thresholds, and percentages fall within plausible clini-
cal ranges (e.g., patient counts > 0, percentages ≤ 100); 
(iii) schema conformance, the fraction of typed fields that 
pass Pydantic validation without coercion errors; and (iv) 
token density, the ratio of extracted tokens to expected 
tokens per page based on page dimensions and detected 
layout type. These indicators were aggregated into a 
bounded proxy score used for operational monitoring 
and failure detection rather than formal OCR evaluation.

Throughput is reported in terms of OCR API requests, 
where a single request corresponds to one page chunk or 
caption unit processed under a specified schema payload. 
End-to-end processing time was measured per document 
as the wall-clock interval from dispatch of the first page-
level OCR request to completion of all payload annota-
tions and study-level consolidation.

Implementation considerations, reproducibility, and 
extensibility
The pipeline is controlled via a small set of configura-
tion variables that govern model credentials, concur-
rency, image–annotation behaviour, and overwrite 
policies. These parameters allow the same codebase to 
be deployed across environments ranging from personal 
workstations to high–throughput compute clusters while 
maintaining consistent behaviour.
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Several design choices explicitly support reproducibil-
ity and extensibility:

 	• Deterministic schema–derived columns. All output 
columns are generated from the schema definitions, 
ensuring that the data model is versioned and that 
downstream analyses can be reproduced exactly 
when the same schema and corpus are used.

 	• Stable source identifiers. Hash–based source keys 
provide a robust linkage between structured records 
and their originating PDFs without relying on 
mutable file paths or filenames.

 	• Sentence–level justifications. Parallel evidence fields 
mean that every high–level classification can be 
traced back to specific sentences in the source article, 
enabling independent adjudication and calibration 
against human annotators.

 	• Incremental processing. The resume mechanism, 
combined with append–only tabular storage, allows 
existing corpora to be expanded without repeating 
computationally expensive OCR operations, and 
without compromising the integrity of previously 
annotated records.

 	• Domain–agnostic architecture. The pipeline 
separates domain-agnostic architectural 
components—chunking, asynchronous orchestration, 
merging logic, provenance tracking, and export—
from domain-specific components—schema 
definitions, controlled vocabularies, and prompt 
instructions. Although the present schemas are 
tailored to DOAC level measurement, adapting the 
system to a new biomedical domain (e.g., oncology 
biomarkers, prognostic scores, imaging modalities) 
requires replacing only the schema definitions and 
vocabularies; the pipeline infrastructure remains 
unchanged. In our experience, developing a new 
domain schema requires iterative collaboration 
between an NLP engineer and a domain expert over 
approximately 2–4 weeks, depending on reporting 
heterogeneity and the complexity of the target 
variables.

In combination, these features yield a robust, generaliz-
able framework for large–scale, schema–guided extrac-
tion of structured evidence from full–text biomedical 
literature using modern OCR–LLM technology.

Results
Corpus coverage and end-to-end execution
The pipeline processed the full corpus in a single end-
to-end run without manual intervention. In total, 
Npdf = 734 PDFs comprising 7,228 pages were discov-
ered, ingested, and assigned stable source identifiers 
via SHA–1 hashing of canonicalized file identifiers. The 

resume-aware index prevented redundant processing: 
Nskip = 2 PDFs already present in the final annotation 
table were detected and skipped, and all remaining docu-
ments proceeded through chunking, OCR, structured 
extraction, merging, and export.

To characterize corpus heterogeneity and docu-
ment length, the pipeline recorded per-document page 
counts at ingestion and used these to drive determinis-
tic chunk formation. Using a maximum of k = 8 pages 
per OCR request, the corpus yielded Nchunks = 978 
non-overlapping page chunks. Chunk sizes were stable 
by construction (median = 8 pages; shorter final chunks 
occurred only when the page count was not divisible by 
k). In addition to page chunks, caption isolation pro-
duced Ncap = 824 caption-level text units (derived from 
detected figure and table captions) that were processed 
under the same schema constraints. Captions were 
treated as first-class semantic objects to improve recall 
for constructs frequently expressed outside narrative text 
(e.g., assay descriptors, threshold definitions, subgroup 
labels, and outcome references).

Throughput, service constraints, and call volume
The pipeline sustained stable throughput under the refer-
ence configuration (concurrency cap of three, rate limit 
of five RPS). The observed steady-state throughput was 
R = 3.1 OCR requests per second; the gap between 
target and observed RPS reflects backpressure from 
bounded retries, caption-level processing, and heteroge-
neous chunk processing times.

Each page chunk was annotated with five schema 
payloads, yielding Nchunk−req = 978 × 5 = 4,890 
payload-specific requests. Caption units contributed 
Ncap−req = 824 × 5 = 4,120 additional requests. The 
full corpus therefore required Nreq = 9,010 schema-con-
strained OCR requests, excluding retries.

Under the reference configuration, the mean process-
ing time was Tmean = 11 seconds per PDF, increasing 
monotonically with document length. Resume-aware 
indexing converts the pipeline into an incremental work-
flow, such that re-processing an expanded corpus invokes 
OCR only for newly discovered or modified documents.

Proxy transcription quality and operational OCR 
robustness
On a stratified sample of documents spanning layout 
complexity (multi-column text, dense tables) and input 
quality (born-digital versus scanned), the median proxy 
transcription score (Proxy transcription quality assess-
ment section) was Qmedian = 98.6% with a central 95% 
interval of [97.8%, 99.2%]. This estimate should be inter-
preted as a deployment-oriented quality signal sensi-
tive to error modes likely to affect downstream schema 
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extraction, not as a replacement for character-level OCR 
evaluation.

Operational robustness was further supported by 
automatic recovery from transient failures. Across all 
requests, the pipeline recorded Nretry = 10 retry events; 
all were resolved within the bounded exponential back-
off policy, and none propagated to fatal document-level 
failures.

Evaluation protocol for extraction correctness
Extraction correctness was assessed through expert 
review on a simple random sample of 50 studies drawn 
from the full corpus. The evaluation focused on synthe-
sis-critical constructs for which extraction errors would 
materially affect downstream evidence synthesis, includ-
ing study design, assay classification, timing of measure-
ment relative to dosing, outcome definitions, follow-up 
duration, and use of clinical thresholds.

For each sampled study, two reviewers collaboratively 
(not blinded, see Discussion section) examined the struc-
tured record alongside its sentence-level evidence fields 
and the corresponding multimodal markdown recon-
struction. A field was scored as correct if (i) the extracted 
value matched the source document and (ii) the associ-
ated evidence explicitly supported the value without 
reliance on inference. For categorical variables, correct-
ness required agreement with schema-defined labels; for 
numeric variables, correctness required concordant val-
ues and units as reported in the manuscript, allowing for 
trivial formatting differences.

Disagreements and ambiguous cases were resolved by 
joint re-examination of the cited evidence spans within 
the reconstruction. This protocol is intended to assess 
practical end-to-end extraction fidelity under schema 
and provenance constraints rather than benchmark per-
formance against a fully annotated gold-standard corpus. 
Accordingly, reported correctness reflects the reliability 
of extracted variables in realistic evidence synthesis set-
tings rather than competitive model performance.

Ablation-style evaluation of schema constraints and 
refinement
This analysis evaluates schema constraints as an AI infer-
ence control mechanism, assessing their effect on stabil-
ity, auditability, and resistance to over-inference under 
long-document processing. Schema-constrained extrac-
tion demonstrated high operational stability and con-
trollability across multi-page, multi-chunk documents. 
During within-payload consolidation, scalar fields were 
required to agree across all non-null chunk-level out-
puts. Any disagreement triggered an explicit conflict 
flag rather than automated resolution. Across the full 
corpus, such conflicts were infrequent, indicating that 
typed schemas, closed vocabularies, and explicit decision 

constraints substantially reduced instability introduced 
by page-level chunking. For list-valued fields, set-based 
aggregation was applied to merge redundant mentions 
across chunks while preserving the order of first appear-
ance, producing consistent study-level representations 
even when constructs were reported repeatedly across 
sections, tables, or captions.

The inclusion of sentence-level evidence fields materi-
ally improved auditability and error containment. For 
schema components configured to require textual justi-
fication, explicit supporting sentences were populated 
in >99% of cases where the construct was present and 
extractable from OCR output. Instances of missing evi-
dence were predominantly attributable to information 
reported exclusively within dense tables or complex fig-
ures, where relevant text could not be reliably isolated as 
sentence-level OCR output. In these cases, the system 
defaulted to conservative behavior, leaving fields unpopu-
lated or flagging records for review rather than inferring 
unsupported values. This conservative, evidence-gated 
behavior is an intentional design choice: in biomedi-
cal evidence synthesis, omission with explicit traceabil-
ity is preferable to producing seemingly complete but 
weakly grounded outputs, as clinical and methodologi-
cal rigor prioritize fidelity to source evidence over forced 
completeness.

To assess the impact of iterative refinement, we con-
ducted expert review on a random sample of 50 studies 
drawn from the corpus. Evaluation focused on synthesis-
critical fields for which extraction errors would materi-
ally affect downstream analysis, including study design, 
assay classification, timing of measurement relative to 
dosing, outcome definitions, follow-up duration, and 
threshold usage. Fields were scored as correct only when 
(i) the extracted value matched the source document 
and (ii) the associated evidence field explicitly supported 
the decision without reliance on inference. Fields not 
reported in the source document were treated as ineli-
gible rather than incorrect.

Table 3 summarizes expert-assessed correctness before 
and after iterative schema and prompt refinement. 
Improvements were most pronounced for constructs 
that are typically dispersed across narrative text, tables, 
and captions, including outcome definitions, follow-up 
duration, clinical outcome presence, and clinical thresh-
old usage. These gains reflect the cumulative effect of 
clarifying schema definitions, tightening negative rules 
that prevent over-inference, and expanding controlled 
vocabularies to better capture domain-specific variation. 
Correctness estimates are reported with Wilson 95% con-
fidence intervals to reflect uncertainty arising from the 
finite evaluation sample and to provide appropriate cov-
erage for proportions near 0 or 1. For several domains, no 
errors were observed in the reviewed sample following 
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refinement; given the evaluation size, these results should 
be interpreted as an absence of observed errors rather 
than as definitive upper bounds on performance.

Overall, these results indicate that schema-constrained 
extraction, when combined with explicit provenance 
requirements and iterative expert-in-the-loop refine-
ment, yields stable and controllable behavior under full-
text, multi-chunk processing. Importantly, performance 
gains were achieved not through increased model capac-
ity, but through tighter specification of target constructs 
and constraints, reinforcing the role of explicit schemas 
and evidence linkage as primary drivers of practical 
extraction reliability in biomedical evidence synthesis.

Record completeness and reporting heterogeneity
We report completeness to characterize both extrac-
tion coverage and underlying reporting heterogeneity. 
Completeness was defined as the proportion of studies 
in which a component contained at least one non-null 
value supported by evidence when evidence fields were 
available. Because component-level completeness can 
be inflated when a single easy field is present, we report 
both payload-level completeness (Table 4) and field-level 

completeness for representative high-difficulty con-
structs that are central to synthesis.

At the payload level, bibliographic metadata and study 
design fields were populated for nearly all documents, 
reflecting both the salience of these constructs and their 
frequent explicit reporting in abstracts and headers. 
Population-level completeness was lower, driven by het-
erogeneity in reporting of patient counts with level mea-
surements, subgroups, and measurement indications. 
Methods and assay fields showed high completeness 
because assay families and test names are typically stated 
explicitly in Methods sections and captions. Outcomes 
and diagnostic performance payloads exhibited high pay-
load-level completeness but also substantial within-pay-
load sparsity, consistent with the fact that many studies 
report only subsets of clinical outcomes, follow-up win-
dows, or performance metrics.

To mitigate misinterpretation of payload-level com-
pleteness, we additionally inspected field-level complete-
ness for difficult constructs that are often omitted or 
inconsistently phrased (e.g., formal outcome taxonomy, 
explicit follow-up duration, timing relative to dosing, and 
threshold usage). These constructs showed substantially 
lower completeness than the payload aggregates, consis-
tent with heterogeneous reporting practices and under-
scoring the value of evidence-linked records for targeted 
review.

The global pattern of extraction coverage and sparsity 
is visualized in the missingness matrix (Fig.  7), which 
highlights dense coverage for bibliographic/design fields 
and structured sparsity in specialized outcome and per-
formance constructs.

Corpus-level distributions and derived stratifications
The structured records support automated corpus-
level characterization without additional manual 

Table 3  Effect of schema and prompt refinement on expert-assessed extraction correctness. Values are reported as percentage 
correct with Wilson 95% confidence intervals, based on expert review of a random sample of n = 50 studies per component
Schema component Before After
Clinical outcome definitions and follow-up duration 33% (20.8–45.8) 95% (86.5–98.9)

Presence/type of clinical outcomes (bleeding, VTE, etc.) 50% (36.6–63.4) 100% (92.9–100.0)

Relevant patient subgroups (CKD, bleeding, reversal, bariatric surgery) 63% (50.1–75.9) 95% (86.5–98.9)

Indications for DOAC level measurement 70% (56.2–80.9) 90% (78.6–95.7)

Assay types used for DOAC level measurement (LC–MS, dTT, calibrated anti–Xa) 70% (56.2–80.9) 95% (86.5–98.9)

Conventional coagulation tests reported (PT, aPTT, TT, etc.) 70% (56.2–80.9) 90% (78.6–95.7)

Global coagulation testing (TGA, TEG/ROTEM) 70% (56.2–80.9) 100% (92.9–100.0)

Timing of DOAC level measurement relative to dosing (peak, trough, random) 70% (56.2–80.9) 90% (78.6–95.7)

Study design classification 75% (62.6–85.7) 100% (92.9–100.0)

Use of thresholds for clinical management 75% (62.6–85.7) 100% (92.9–100.0)

Pre-analytical variables (tube type, centrifugation, storage, freezing) 80% (67.0–88.8) 95% (86.5–98.9)

Indications for anticoagulation (AF, VTE, etc.) 90% (78.6–95.7) 95% (86.5–98.9)

Reported numeric DOAC concentration thresholds 100% (92.9–100.0) 100% (92.9–100.0)
Wilson confidence intervals were computed using a two-sided normal critical value of z = 1.96. Percentages correspond to the proportion of eligible fields scored as 
correct. Rows with 100% correctness indicate no observed errors in the reviewed sample and should not be interpreted as definitive upper bounds on performance

Table 4  Payload-level completeness rates across the structured 
schema. Completeness is the proportion of studies with at least 
one non-null value in the payload, with evidence used to confirm 
support where applicable
Schema component Completeness (%)
Bibliographic metadata 99.9%

Study design classification 99.7%

Population and indications 91.6%

Methods and assay details 98.6%

Outcomes and follow-up descriptions 97.9%

Diagnostic performance metrics 98.2%

Evidence fields (where eligible) 99.9%
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normalization. All list-valued fields were reconstructed 
into native list structures and used to compute frequency 
distributions for each categorical variable. The result-
ing distributions were internally coherent and reflected 
the temporal availability and historical uptake of indi-
vidual DOACs rather than contemporary prescribing 

prevalence. In particular, dabigatran, which was the first 
DOAC introduced into clinical practice, appeared fre-
quently in earlier studies focused on drug level quantifi-
cation, whereas rivaroxaban and apixaban predominated 
in later publications. In contrast, edoxaban appeared less 
frequently, consistent with its later regulatory approval, 

Fig. 8  Representative system-generated frequency distribution for DOAC molecules identified by schema-constrained extraction. Frequencies corre-
spond to the number of studies reporting each molecule; analogous summaries are generated automatically for all extracted variables. Only values 
occurring more than three times are shown

 

Fig. 7  Missingness matrix for extracted fields. Rows are studies (sorted by completeness), columns are schema fields (grouped by payload: Meta–design, 
Population/Indications, Methods, Outcomes, Diagnostic Performance). Light cells indicate missing (null) values; dark cells are populated. Coverage is 
highest for bibliographic/design fields, while outcome and performance fields show more missingness, reflecting reporting heterogeneity. Right mar-
ginal bar shows per-study completeness
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and betrixaban was rare, reflecting its limited clinical 
adoption and subsequent withdrawal from the market. 
Figure 8 shows a representative system-generated distri-
bution for DOAC molecules; analogous summaries were 
generated automatically for all schema fields.

To expose methodological heterogeneity, we con-
structed composite stratifications via Cartesian products 
between selected population attributes and assay/report-
ing variables (e.g., DOAC molecule × concurrent coagu-
lation testing). These stratifications enabled multilevel 
tabulations that are useful for synthesis planning and QA. 
For example, among studies measuring apixaban, a major-
ity concurrently reported calibrated anti–Xa assays, while 
thrombin generation assay parameters appeared only in 
a small subset of documents. Such derived variables pro-
vide immediate, reviewable signals of reporting patterns 
and potential subgroup structure within the corpus.

Multimodal reconstructions and provenance-linked review 
artifacts
For each study, the pipeline generates a complete, 
human-readable markdown reconstruction that inte-
grates OCR-derived page text, caption-level text units, 
structured annotation summaries, and inline figures 
encoded as base64 with associated semantic descrip-
tions. This unified artifact enables efficient expert review 
by allowing extracted variables to be inspected in direct 
proximity to their narrative, tabular, and caption-level 
context, without reliance on external document viewers.

Reproducibility was assessed under fixed execution 
conditions. Given identical document inputs, fixed 
schema versions, and a fixed OCR model version, all 
downstream stages—including schema enforcement, 
chunk-level merging, study-level consolidation, and 
export to CSV/Parquet and markdown formats—are 
deterministic. Consequently, repeated executions yield 
identical serialized outputs and markdown reconstruc-
tions, conditional on identical OCR responses. Stable 
source keys and chunk-index metadata ensure determin-
istic traceability from each structured field to its originat-
ing document and page range, supporting transparent 
auditing and post-hoc verification.

Error handling, recovery, and end-to-end reliability
The orchestration layer provided bounded recovery 
from transient failures and ensured that localized errors 
did not cascade into corpus-level failures. Across the 
full run, the system encountered Nerr = 15 transient 
OCR errors (including rate-limit responses and inter-
mittent service errors). All were handled automatically 
via exponential backoff with a bounded retry budget; no 
fatal document-level failures occurred. Importantly, the 
resume-aware index ensured that any interrupted runs 
could be restarted without repeating completed OCR 

work, supporting robust long-running execution on 
evolving corpora.

Together, these results demonstrate that schema-con-
strained OCR can be operated as a stable, scalable, and 
auditable extraction workflow: call volumes and through-
put are measurable under service limits, extraction 
correctness improves with systematic refinement, com-
pleteness patterns reflect both extraction capability and 
true reporting heterogeneity, and the generated artifacts 
support efficient provenance-linked expert review.

Discussion
This work presents an end-to-end, OCR-driven pipe-
line for transforming full-text biomedical PDFs into 
structured, analysis-ready records with explicit schema 
constraints and sentence-level provenance. The central 
contribution is not a new document model, but an engi-
neering and methodological pattern that targets the prac-
tical failure modes of evidence synthesis: heterogeneous 
layouts, dispersed reporting across tables and captions, 
long-document context limits, and the need for auditable 
outputs that can be reviewed and corrected. Across a 
corpus focused on DOAC level measurement, the system 
achieved stable large-scale processing, produced inter-
nally consistent study-level records, and yielded measur-
able gains in extraction fidelity after iterative refinement 
of prompts and schemas.

Principal findings and practical value
Three findings are most salient for evidence synthe-
sis workflows. First, the pipeline demonstrated reliable 
corpus-scale execution under strict service constraints 
through deterministic page chunking, bounded concur-
rency, and resumable processing. In practice, this shifts 
automation from a fragile, one-off batch process to an 
incremental annotation workflow that can be re-run as 
corpora evolve without re-incurring unnecessary OCR 
costs. Second, schema-constrained extraction improved 
controllability: restricting categorical fields to closed 
vocabularies, enforcing typed outputs, and requiring evi-
dence for high-level decisions reduced spurious inference 
and enabled systematic post-hoc auditing. Third, the 
combination of structured outputs with human-readable 
markdown reconstructions created a dual representation 
of each study, enabling both quantitative synthesis (CSV/
Parquet) and rapid qualitative review (source-linked text, 
captions, and images in a single artifact). Together, these 
design choices align automated extraction with the oper-
ational needs of systematic reviews, where traceability 
and error localization are as important as raw accuracy.

Positioning relative to prior scholarly PDF processing
Prior work in scholarly PDF extraction spans rule-based 
parsing, feature-driven sequence labeling, layout-aware 
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transformers, and end-to-end neural transcription. Clas-
sic systems such as GROBID and CERMINE established 
robust baselines for recovering document structure and 
bibliographic fields [5, 6], while modern layout-aware 
models demonstrated that spatial grounding can sub-
stantially improve extraction in visually rich documents 
[18–20]. More recent efforts revisit transcription itself, 
converting document images into structured represen-
tations and narrowing the boundary between OCR and 
downstream understanding [26, 27]. Concurrently, Trial-
Mind has demonstrated the use of large language mod-
els for accelerating clinical evidence synthesis tasks such 
as screening and data extraction [39], and recent evalu-
ations of AI-powered screening tools highlight both the 
promise and the current limitations of automated lit-
erature triage [40]. Our work complements these strands 
by emphasizing end-to-end reliability under biomedical 
constraints. Rather than optimizing for a single bench-
mark task, we treat the pipeline as a synthesis-oriented 
system in which upstream parsing, OCR, extraction, 
merging, and auditing mechanisms must jointly mini-
mize downstream risk. In particular, we highlight that 
the most consequential errors in evidence synthesis 
frequently arise from cascading failures across stages 
(reading order, caption detachment, OCR artifacts, over-
inference), a pattern also emphasized in recent analyses 
of document parsing pipelines [34].

We acknowledge that the current work does not 
include head-to-head comparisons against alternative 
extraction systems. Direct comparison was not per-
formed because existing tools target different task formu-
lations (e.g., TrialMind focuses on screening and PICO 
extraction [39]; GPT-4V and Claude lack native schema-
constrained output modes), making fair comparison 
non-trivial without substantial adaptation. Comparative 
evaluation against both constrained and unconstrained 
extraction paradigms is planned as a priority for future 
work (Discussion section, Future directions).

Benchmark-oriented evaluations were intentionally 
deprioritized because the primary objective of this work 
was domain-faithful, end-to-end extraction for biomedi-
cal evidence synthesis in a clinically specialized setting 
rather than optimization on generic document bench-
marks. In the context of DOAC level measurement, many 
synthesis-critical variables—such as assay family, timing 
relative to dosing, pre-analytical conditions, and outcome 
definitions—are sparsely reported, expressed heteroge-
neously, and often embedded in captions or tables that 
are poorly represented in standard benchmarks. Evalu-
ating the pipeline under realistic full-corpus conditions 
with domain-specific schemas, controlled vocabular-
ies, and sentence-level provenance, therefore, provides 
a more meaningful assessment of practical extraction 
fidelity and failure modes for this use case than isolated 

benchmark scores, which we view as complementary 
but insufficient for high-stakes, domain-constrained evi-
dence synthesis.

In contrast to unconstrained OCR or text-first pipe-
lines, the proposed approach explicitly limits the hypoth-
esis space through typed schemas and evidence gating, 
reducing silent over-inference under noisy transcrip-
tion. This distinction is particularly consequential in bio-
medical evidence synthesis, where plausibly correct but 
unsupported values impose downstream audit costs.

OCR errors in drug names, numeric values, and units 
can directly corrupt extracted fields and propagate to 
downstream synthesis. Schema constraints partially miti-
gate this risk: closed vocabularies reject unrecognizable 
drug names, and typed numeric fields reject non-numeric 
strings. However, subtle OCR errors such as digit sub-
stitution (e.g., “150” misread as “l50”) can pass schema 
validation; the proxy quality score and sentence-level 
evidence fields provide secondary detection mechanisms 
by enabling reviewers to trace suspicious values back to 
source text. Low-quality scans were rare in this predomi-
nantly born-digital corpus, but the pipeline’s conserva-
tive null-defaulting behavior provides a safeguard: when 
OCR output is ambiguous, fields are left unpopulated 
rather than populated with uncertain values.

Why schema constraints and provenance matter in 
biomedical extraction
Biomedical evidence synthesis imposes requirements 
that differ from many general document IE settings. Vari-
ables such as assay family, dosing-time alignment (peak 
versus trough), and clinical outcome definitions are often 
expressed implicitly and dispersed across methods, text, 
tables, and captions. In this setting, unconstrained gen-
eration can produce outputs that appear plausible but are 
not faithfully grounded in the source document.

Our schema-first approach mitigates this risk by 
explicitly narrowing the hypothesis space through typed 
fields and controlled vocabularies, and by requiring 

Fig. 9  Schema-constrained mapping of unstructured OCR text to struc-
tured, auditable study variables with explicit semantics and provenance
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sentence-level evidence for high-level decisions. Figure 9 
illustrates this process, showing how noisy OCR output 
is transformed into normalized, schema-constrained 
study variables with explicit semantics. The practical 
value of this design lies in its support for an audit loop, 
where extracted records can be systematically reviewed, 
corrected, and used to iteratively refine schemas and 
prompts. Consistent improvements observed follow-
ing such refinements reflect increased controllability 
and clarity of target constructs, rather than benchmark-
driven optimization.

Expert-in-the-loop prompt refinement and audit workflow
An expert-in-the-loop refinement process with a DOAC 
domain specialist was central to improving extraction 
fidelity for synthesis-critical variables. A random sample of 
50 full-text articles was reviewed, with field-level correct-
ness annotated and recurrent failure modes documented, 
particularly for pre-analytical variables, coagulation test-
ing, patient subgroups, and clinical outcomes. Expert 
feedback informed iterative schema and prompt revisions, 
including tighter keyword mappings, explicit “None/NA” 
gating when outcomes were not measured, and rules to 
distinguish study focus from background mentions.

This workflow treated errors as specification gaps 
rather than isolated model failures, enabling system-
atic convergence toward a stable extraction configura-
tion. Disagreements were localized to individual fields 
with supporting sentence-level evidence, reviewed by 
the expert, and translated into updated constraints and 
prompts that improved robustness under heterogeneous 
biomedical reporting.

Despite iterative refinement, certain error categories 
persist. The most common residual errors arise from: 
(i) information reported exclusively in complex tables 
whose multi-row and multi-column structure cannot be 
fully linearized by OCR, (ii) implicit information requir-
ing cross-section reasoning beyond the boundaries of a 
single page chunk (e.g., an outcome definition in Meth-
ods referenced only by shorthand in Results), and (iii) 
ambiguous terminology where schema-defined con-
trolled vocabularies do not fully capture the reporting 
variation encountered across journals and clinical spe-
cialties. These errors are systematic rather than random, 
suggesting that further schema refinement and improved 
table handling represent the most productive mitigation 
strategies for future iterations.

Implications for scalable and practical evidence synthesis
The pipeline enables a workflow in which structured 
extraction is not an endpoint, but a substrate for down-
stream evidence synthesis and quality assurance. The 
structured outputs are directly actionable within synthe-
sis workflows: sentence-linked records allow reviewers to 

rapidly verify study design, assay families, timing relative 
to dosing, and outcome definitions without re-reading 
entire manuscripts. By binding extracted variables to 
explicit textual evidence, the system supports efficient 
adjudication and reduces the risk of silent errors.

From a practical perspective, the observed end-to-end 
processing time has direct implications for scalability. 
Prior methodological studies report that manual extrac-
tion of synthesis-critical variables from full-text biomedi-
cal articles by trained reviewers requires tens of minutes 
per study, with mean extraction times of approximately 
30–40 minutes in systematic review settings [41]. Under 
the reference configuration, the proposed pipeline pro-
cessed a full-text PDF in a mean of 11 seconds. While 
automated outputs still require expert verification, this 
represents an order-of-magnitude reduction in primary 
extraction time, shifting human effort from exhaustive 
manual abstraction to targeted audit and adjudication.

At the corpus level, automated distributional summa-
ries function as both descriptive analytics and quality 
assurance signals, revealing schema drift or systematic 
omissions. Conflict detection for scalar fields prevents 
silent propagation of inconsistent values, while evidence-
gated null values distinguish true reporting absence 
from extraction failure. Together with machine-readable 
datasets and human-readable multimodal reconstruc-
tions, these features shift the role of human experts from 
exhaustive manual abstraction toward higher-value syn-
thesis, validation, and interpretation.

Limitations
Several limitations warrant consideration. First, extrac-
tion correctness was assessed through internal con-
sistency checks and expert review on limited random 
samples rather than through statistically powered evalu-
ation against a fully annotated gold-standard corpus 
or large-scale benchmarks such as SciNLP [42]. Conse-
quently, reported performance gains should be inter-
preted as evidence of practical, end-to-end extraction 
fidelity under evidence synthesis constraints rather than 
as definitive benchmark-level generalization across tasks 
or competing systems.

Second, expert review was conducted collaboratively 
without blinding, and no intermediary formal inter-
annotator agreement metric (e.g., Cohen’s κ) was com-
puted. While this approach was appropriate for iterative 
refinement, it limits the interpretability of reported cor-
rectness rates and should be addressed in future evalu-
ations through blinded, independent annotation with 
formal agreement assessment.

Third, OCR quality was estimated using downstream 
validation heuristics and schema-based sanity checks 
rather than character-level ground truth annotations 
[43]. While these operational signals are appropriate for 
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large-scale deployment and failure detection, they may 
fail to capture subtle transcription errors that do not 
propagate to schema violations and therefore do not 
replace formal OCR evaluation.

Fourth, although caption-aware chunking improves 
recall for information embedded in figures and tables, 
the pipeline does not yet perform fine-grained alignment 
between figures, captions, tables, and in-text references, 
nor does it extract quantitative values directly from plots 
or complex tables beyond OCR-accessible text [44]. 
These limitations restrict the full exploitation of multi-
modal evidence in visually dense scientific articles.

Fifth, the evaluated schemas were developed for DOAC 
level measurement. While the architectural framework 
is domain-agnostic, effective transfer to other biomedi-
cal domains depends on the availability and quality of 
domain-specific schema definitions, controlled vocabu-
laries, and expert input. Inadequately specified schemas 
may limit both extraction accuracy and interpretability in 
new clinical contexts [45, 46].

Finally, as with any OCR–LLM–based system, perfor-
mance is influenced by upstream model behavior and 
service-level constraints. Although the pipeline is archi-
tecturally decoupled from any specific OCR provider, 
changes in model versions, API behavior, or rate limits 
can affect throughput, latency, and error profiles. These 
factors underscore the importance of careful orchestra-
tion, robust error handling, and cost-aware execution, 
consistent with prior analyses of cascading failures in 
document parsing pipelines [34] and emerging work on 
adaptive validation and cost control in large-scale ML 
systems [47, 48].

Future directions
Several extensions could further strengthen both scien-
tific rigor and practical utility. First, a larger-scale evalua-
tion against a curated gold-standard subset with blinded 
expert annotation would enable more formal assessment 
of extraction performance, including inter-annotator 
agreement for synthesis-critical constructs such as out-
come definitions, assay classification, and timing of mea-
surement relative to dosing. Such an evaluation would 
help disentangle model limitations from intrinsic ambi-
guity and heterogeneity in biomedical reporting.

Second, future work should include systematic head-
to-head comparisons against alternative extraction para-
digms, including text-first pipelines and unconstrained 
generative approaches. Direct comparison would allow 
more precise quantification of the empirical benefits of 
schema constraints and sentence-level provenance, partic-
ularly with respect to over-inference, silent errors, and the 
downstream audit burden imposed on human reviewers.

Methodologically, confidence-aware extraction rep-
resents a promising extension. Attaching calibrated 

uncertainty estimates at the field level would allow down-
stream synthesis workflows to weight extracted variables, 
triage records for manual review, or defer aggregation 
when confidence falls below predefined thresholds. This 
would better align automated extraction with evidence 
synthesis practices that explicitly account for uncertainty 
and variable reporting quality.

On the document understanding side, richer structural 
grounding could be achieved by incorporating explicit lay-
out graphs or region-level linking between in-text refer-
ences, captions, tables, and figures. Improved handling of 
complex tables and dense numerical reporting would be 
particularly valuable for laboratory and diagnostic studies, 
where key quantities are often expressed outside narrative 
text and are prone to transcription or alignment errors.

Finally, the schema-constrained and provenance-cen-
tric design pattern introduced here could be extended 
beyond extraction to support adjacent stages of evidence 
synthesis, including semi-automated screening, struc-
tured PICO formulation, and risk-of-bias assistance. 
Extending the framework in this direction would require 
maintaining auditability, evidence linkage, and conserva-
tive inference as first-class constraints, ensuring that any 
downstream assistance remains transparent, reviewable, 
and compatible with established evidence synthesis stan-
dards. More broadly, such efforts align with emerging 
calls for a synthesis-ready research ecosystem in which 
study design, reporting, and publication practices are 
optimized to facilitate timely and comprehensive evi-
dence integration [49].

Overall, these results indicate that AI-driven, OCR-
based structured extraction can be scaled without sac-
rificing controllability when deterministic chunking, 
schema constraints, and evidence capture are combined 
within an auditable workflow. In biomedical evidence 
synthesis, where the cost of silent extraction errors is 
high, this work demonstrates an end-to-end AI pipe-
line that produces reviewable structured records and 
reproducible multimodal artifacts, enabling systematic 
inspection, iterative refinement, and reliable large-scale 
annotation of heterogeneous scientific PDFs.

Conclusion
This work demonstrates that full-text biomedical PDFs 
can be transformed into structured, analysis-ready evi-
dence at a corpus scale without sacrificing auditability. 
We present a systems and methodological contribution 
in the form of an end-to-end, OCR-driven pipeline that 
integrates (i) deterministic document ingestion with 
resume-aware hashing, (ii) page-level chunking and asyn-
chronous orchestration under explicit concurrency and 
rate constraints, (iii) schema-constrained, typed extrac-
tion across multiple domain-specific payloads, and (iv) 
study-level consolidation via conflict-aware merging for 
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scalar fields and set-based aggregation for list-valued 
fields. Crucially, the pipeline binds synthesis-critical vari-
ables to sentence-level provenance, enabling transparent 
verification of extracted values against explicit support-
ing statements in the source manuscripts.

Applied to a large corpus of studies on direct oral antico-
agulant (DOAC) level measurement, the system processed 
all documents without manual intervention while main-
taining stable throughput under rate limiting. It produced 
fully reproducible tabular datasets (CSV and Parquet) 
alongside multimodal, caption-aware markdown recon-
structions that support efficient expert review. Iterative 
refinement of schemas and prompts yielded substantial 
gains in practical extraction fidelity for challenging con-
structs such as outcome definitions, follow-up duration, 
assay family classification, and identification of global 
coagulation testing. These findings underscore a central 
lesson for evidence synthesis automation: reliable end-to-
end performance arises not solely from model capacity, 
but from explicit specification, conservative inference, and 
enforceable traceability throughout the extraction pipeline.

Although evaluated within a DOAC-focused domain, 
the architectural pattern is general. Adapting the pipe-
line to other biomedical areas requires only the replace-
ment of schema definitions and controlled vocabularies, 
without changes to the underlying orchestration, merg-
ing, or auditing logic. By constraining outputs to typed 
schemas and systematically binding extracted values to 
sentence-level evidence, the proposed approach provides 
a practical foundation for scalable and auditable litera-
ture annotation. In turn, this enables more reproducible 
evidence synthesis workflows, faster characterization 
of reporting heterogeneity across large corpora, and a 
reduced burden of human review by directing expert 
attention toward provenance-linked decisions, flagged 
conflicts, and synthesis-critical uncertainties.
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