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ABSTRACT

Historical medical directories are important sources for studying professional trajectories and social
change, but their large scale and noisy OCR outputs make systematic analysis difficult. This report
compares different pipelines to transform scanned pages of the Rosenwald Guides into structured
data, supporting the MEDIF project goal of quantifying the presence of women doctors.

We first curate a focused corpus from the Rosenwald Guides (pilot scope: 20 editions, 1887–
1906), identifying and extracting 4,116 relevant pages from sections listing physicians and related
professions. We then propose a Double Triangle human–model workflow to create high-precision
gold labels under limited annotation budgets: two independent multimodal LLM systems generate
initial structured outputs, agreement is used to auto-accept easy cases, and disagreements are
routed to a lightweight human review process. Applying this approach yields a benchmark with
approximately 60 columns, where model agreement exceeds 85%; in the final review stage only 991
fields require manual correction out of 13,595 total fields (7.2%). Finally, we evaluate extraction
strategies across different input modalities and models, and analyse the extraction performance
from both quantitative and qualitative perspectives. Particularly, we analyse the extraction quality
of female doctors and conduct initial analysis on the distribution of female doctors, based on our
extraction results.

Declaration: ChatGPT is used in this paper to improve the language.
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CHAPTER 1

INTRODUCTION

1.1 MOTIVATION

Historical archives contain information that is critical for research in the Digital Humanities. However,
many sources exist only as scanned images, and traditional OCR systems often produce noisy and
inconsistent text. This lack of machine-readable structure makes large-scale analysis difficult and limits
historians’ ability to work with archival data efficiently.

1.2 PROJECT CONTEXT

This project was carried out within the framework of a partnership between EPFL and the Institute of
Humanities in Medicine (IHM), as part of the SNSF-funded MEDIF project (grant no. 2151001), which
investigates the history of the first women physicians in French-speaking Switzerland and France.

The project was supervised by Professor Jérôme Baudry (EPFL), Mikhaël Moreau—an SNSF PhD
candidate whose doctoral research focuses on the professional strategies developed by early women
physicians—and Dr. Amélie Puche (IHM).

The initiative builds on a research proposal originally formulated by Mikhaël Moreau, with institutional
and scientific support from the MEDIF project. Its objective is to contribute to the development of the
MEDIF database, a resource dedicated to documenting women who practiced medicine during the Belle
Époque and to addressing their long-standing invisibility in the history of medicine.

This work responds to a significant historiographical gap by enabling the identification and quantification
of early women physicians, establishing their proportion within the overall medical workforce in France
at the time, and mapping their professional trajectories. Beyond its methodological contribution to the
annotation of digitized historical sources in the humanities and social sciences, the project pursues a
concrete goal rooted in the MEDIF initiative: to support robust quantitative and longitudinal analysis of
women’s medical careers in the late nineteenth and early twentieth centuries.

1.3 DATASET

The Rosenwald Guides2 is a series of medical directories listing doctors across France and its colonies
from 1887 to 1949, and constitute a key source for identifying doctors, documenting their areas of

1https://data.snf.ch/grants/grant/215100
2https://gallica.bnf.fr/ark:/12148/cb344120051/date
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CHAPTER 1 – INTRODUCTION

practice and specializations, and mapping their professional trajectories. Although OCR transcriptions are
available, the results remain noisy text without structured formatting, which makes systematic querying
and data extraction difficult.

1.4 CHALLENGES

Recent progress in large language models provides a promising approach for extracting structured
information from historical documents. In particular, multimodal LLMs, with proper prompts, can take
scanned images as input and produce structured output. However, their reliability remains uncertain:
hallucination can introduce information that did not exist in the original source.

A further challenge concerns evaluation. Historical documents rarely come with ground-truth annotations,
so assessing extraction accuracy requires additional labeling effort. Traditional human annotation and
inter-annotator agreement procedures demand substantial expert labor. Although LLMs can assist with
benchmark creation, their outputs must themselves be validated before they can be considered reliable.

1.5 CONTRIBUTIONS

In this paper, we introduce a hybrid pipeline for extracting structured information from the Rosenwald
Guides and evaluate it using a new benchmark and annotation paradigm.

Our contributions are threefold:

1. Annotation methodology. We propose a double-triangular annotation framework that combines
LLMs with human labeling for scalable and trustworthy annotations.

2. Benchmark construction. We develop a benchmark dataset on the Rosenwald Guides to support
the evaluation of structured information extraction from historical documents.

3. Method evaluation. We compare the 4 extraction methods on our benchmark in order to find the
best method for our extraction.
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CHAPTER 2

RELATED WORK

2.1 TEXT EXTRACTION METHODS

Extracting textual information from historical sources is a longstanding challenge in the Digital Humanities.
Existing approaches can be broadly grouped into four categories: (1) traditional OCR pipelines, (2)
multimodal LLMs that bypass classical OCR, and (3) hybrid approaches that combine OCR with post-
correction or structuring by LLMs, (3) commercial OCR solutions.

2.1.1 TRADITIONAL OCR APPROACHES

We define traditional OCR systems as dedicated models that take scanned images or PDFs as input
and generate textual output. In contrast to multimodal LLMs, which support a broader range of image
understanding tasks (e.g., captioning, translation, and structured extraction), traditional OCR engines are
designed specifically for recognizing text.

A large number of traditional OCR toolkits are available for direct use. Tesseract (Smith 2007), Calamari
OCR (Wick, Reul and Puppe 2020), EasyOCR (EasyOCR 2020), Kraken (kraken n.d.), and olmOCR
(Poznanski et al. 2025) provide open-source solutions. The research community also contributes to
OCR-based extraction pipelines: for example, Löffler (2023) propose a three-stage architecture (layout
detection, OCR, and named entity recognition) for extracting structured information from historical plans,
and Fujitake (2024) present a decoder-only Transformer OCR model supported by a pre-trained language
model.

While these approaches are efficient and easy to deploy, they are often limited in their adaptability to
specialized tasks and domains. The extracted text may suffer from noise and formatting inconsistencies,
which restricts their direct usability for downstream structured information extraction.

2.1.2 OCR-FREE MULTIMODAL LLMS

Multimodal LLMs can take multiple input modalities (such as images and text) and generate textual
outputs based on a prompt. With appropriate prompting, these models can be used for OCR tasks. S. Kim
et al. (2025) demonstrate that multimodal LLMs outperform traditional OCR and HTR approaches on
metrics such as CER (Character Error Rate) and BLEU. Similarly, Nunes et al. (2025) compare GPT-4o
with conventional models on table extraction and show that, while classical methods achieve higher
performance in identifying table structure, GPT-4o substantially improves the accuracy of cell-level text
extraction.
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CHAPTER 2 – RELATED WORK

The language understanding capabilities of multimodal LLMs allow task-specific prompting and enable the
generation of clean, structured results directly from the image input. However, despite their effectiveness,
multimodal LLMs are susceptible to generating non-factual outputs, a phenomenon known as hallucination
(Bai et al. 2024; Leng et al. 2024).

2.1.3 HYBRID OCR + LLM POST-CORRECTION

With the rapid development of LLMs, a natural strategy is to combine traditional OCR for efficient raw
text extraction with LLMs for post-processing and structuring. In this hybrid setup, OCR produces the
initial transcription and the LLM is responsible for correcting errors and formatting the text into a clean
and structured form.

Nguyen et al. (2021) provide a comprehensive survey of post-OCR processing methods, typical system
pipelines, and available datasets. Kanerva et al. (2025) show that LLM-based post-correction can
substantially reduce CER on English texts, though the improvement does not generalize equally to Finnish.
Similarly, O. M. Machidon and A. L. Machidon (2025) compare hybrid Tesseract + ChatGPT-4 with
olmOCR on digitizing Slovenian folkloristic materials, and report that the hybrid approach achieves better
accuracy on two out of three datasets. Their study also notes that, while LLMs improve readability and
formatting, they must be applied carefully to avoid distorting historically or linguistically meaningful
content, and that input scan quality remains a crucial factor for performance.

Thomas, Gaizauskas and Lu (2024) apply Llama 2 to post-OCR correction of English newspapers and
observe improved CER reduction compared to the sequence-to-sequence model BART (Lewis et al. 2020).
Do et al. (2025) perform post-correction for Vietnamese OCR and demonstrate that contextual references
can be used to reduce hallucination. Bourne (2024) further show that some LLMs significantly reduce
error rates and that providing socio-cultural context in prompts can improve performance. Boros et al.
(2024) evaluate fourteen foundation models on several post-OCR correction benchmarks and, however,
find that LLMs generally struggle when correcting historical transcription errors.

2.1.4 COMMERCIAL OCR SOLUTIONS

In addition to open-source and research-based toolkits, commercial OCR systems provide ready-to-use,
no-code solutions. Examples include ABBYY FineReader (ABBYY OCR n.d.) and Adobe Acrobat OCR
(Adobe Acrobat OCR n.d.), as well as cloud-based services such as Azure Cognitive Services (Microsoft
Azure OCR n.d.), Google Cloud Vision (Google Cloud Vision OCR n.d.), and Amazon Textract (Amazon
Textract n.d.). These tools are mature and practical to deploy, but the underlying models are proprietary
and undocumented, so we do not further investigate them in this work.

2.2 HUMAN–LLM HYBRID ANNOTATION

With the rapid advancements in the text understanding capabilities of modern LLMs, using LLMs for
data annotation has become an increasingly popular approach. Ding et al. (2023) show that GPT-3
can annotate data for a range of tasks at substantially lower cost than human annotation, although their
results also indicate that annotation quality deteriorates for complex tasks involving subtle distinctions,
domain-specific knowledge, or ambiguous labels.

Several studies have adopted a hybrid paradigm that combines LLM annotation with human verification.
S. Wang et al. (2021) use GPT-3 as a low-cost labeler—reducing annotation expenses by 50–96%—and
improve annotation accuracy by having humans re-label items with the lowest confidence scores. A
similar strategy is used by H. Kim et al. (2024), where human only reevaluate the low-confidence cases.
X. Wang et al. (2024) deploy two LLMs, one for labeling and the other for generating confidence score.
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However, Zhang et al. (2025) caution that LLM-as-judge evaluation is not always reliable, casting doubt
on confidence-based label quality control.

Pangakis and Wolken (2025) further integrate human-in-the-loop refinement by manually analyzing
LLM labeling errors and incorporating misclassified examples back into the prompt. Their experiments
reveal that LLM annotators tend to achieve high recall but comparatively low precision. Moreover,
with sufficiently large training sets, supervised encoder-based models outperform GPT-4, whereas in
low-resource settings GPT-4 yields superior performance.

The integration of LLM predictions into human workflows also presents risks. Schroeder, Roy and
Kabbara (2025) find that providing annotators with LLM-generated labels increases their confidence but
does not accelerate annotation, and introduces anchoring effects where annotators are influenced by the
LLM outcome. This aligns with the concern of automation bias discussed in Gu et al. (2025).

Model capability and language coverage are additional considerations. Mohta et al. (2023) show that
Vicuna-13B v1.5 performs significantly worse on non-English language data, underscoring the importance
of considering language adaptability for French annotation. For imbalanced classification tasks, Chen
et al. (2025) propose iteratively refining prompts based on recall for rare classes to improve performance.
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CHAPTER 3

DATASET

3.1 DATASET: THE ROSENWALD GUIDES

3.1.1 HISTORICAL CONTEXT AND SIGNIFICANCE

The Guides Rosenwald are medical directories listing physicians and pharmacists in France and its
colonies. Published annually between 1887 and 1949, the collection comprises 47 volumes. Originally
conceived as a strategic reference work, the Guides aimed to provide a comprehensive overview of the
medical profession across French territories to assist doctors and pharmacists in choosing their place of
practice. Their stated mission was to regulate the spatial distribution of medical professionals so as to
avoid overcrowding and ensure balanced access to care. As the preface to the 1887 edition states:

“Éviter un encombrement également préjudiciable aux nouveaux venus et aux médecins et
pharmaciens déjà fixés.”

— Préface du Guide Rosenwald (1887)

However, it is worth emphasizing the directory’s highly practical utility for the general public: enabling
users to find a specific physician in a given location. This utilitarian function is clearly reflected in the
organization of the lists. Users could search for a doctor established in their neighborhood or even on their
specific street (location-based lists), or locate the contact details of a known individual (alphabetical lists).
Furthermore, specialized lists were provided for those seeking specific practitioners, such as surgeons,
dentists, pharmacists, or doctors acting in thermal spas.

From a digital humanities perspective, this corpus constitutes a rich and still underexplored historical
source for examining the geography of medical practice, the evolution of healthcare networks, and the
social and institutional dynamics of French medicine in the late nineteenth and early twentieth centuries.
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CHAPTER 3 – DATASET

3.1.2 DOCUMENT LAYOUT AND EXTRACTION CHALLENGES

Figure 3.1 shows a double-page spread from the Rosenwald Guides. Our focus is on the doctor entries in
red boxes; however, the pages also contain advertisements and other information. Figure 3.2 illustrates
the structure of typical entries. Several challenges arise: some fields are missing for certain individuals,
line breaks cause entries to overlap in layouts. These noises present difficulties to our task of extracting
structured information.

Global 
Information

Advertisements

Doctors’ 
Information

Advertisements

FIGURE 3.1
Page view of the Rosenwald Guide (1887, page 22–23)

Address

Name

Gender 
indicator

Opening hours

Year of 
diploma

Title / 
Specialization

FIGURE 3.2
Close-up of annotated entries in the Rosenwald Guide (1887, page 24)
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3.1.3 CORPUS CONSTRUCTION AND STATISTICS

In this paper, we focus on extracting doctor entries, with particular attention to female doctors, for example,
their name, year of diploma, specialization. Table 3.1 shows an example extraction of Figure 3.2.

Nom Année Notes Adresse Horaires Sexe

Bénard 1865 Censier 28 1 à 2
Bénard (L.) 1871 Plantes 10 midi à 2
Bénard (P.) 1880 Estrapade 15
Bénard (H.) 1882 Temple 150 Mar. Jeu. Sam. midi à 2
Beni-Barde 1853 M. H., établissements

hydrothérapiques
Boileau 12
(Auteuil), Mir-
omesnil 63

Benoit 1876 Douai 49 1 à 3
Benoit (Mlle) Malleville 2 Lun. Mer. Ven. Sam. 2 à

4
Mlle

Benou Crimée 178 2 à 4
Béral 1851 Dragon 21 2 à 4
Berger 1873 AGR. CH. H. Bac 4 Lun. Mer. Ven. 1 à 3

TABLE 3.1
Doctor Entries of Figure 3.2

To narrow the scope of our analysis, we process only the sections titled Docteurs en médecine et en
chirurgie and Officiers de santé for Paris and for the départements and colonies, published between 1887
and 1906 (20 volumes). We manually identified the relevant page ranges for each volume and extracted
the corresponding pages as images.

Table 3.2 presents the number of pages extracted for each edition, yielding a dataset of 4,116 pages in
total. We can see that except for 1903 and 1904, each year has around 200 relevant pages.

TABLE 3.2
Number of pages per edition of the Rosenwald Guides (1887–1906)

Year 1887 1888 1889 1890 1891 1892 1893 1894 1895 1896
Pages 202 186 187 183 183 184 190 191 189 216

Year 1897 1898 1899 1900 1901 1902 1903 1904 1905 1906
Pages 208 192 198 197 201 206 304 301 222 226
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CHAPTER 4

DOUBLE TRIANGULAR EVALUATION
FRAMEWORK

4.1 METHODOLOGY: THE DOUBLE TRIANGLE PARADIGM

4.1.1 MOTIVATION AND OBJECTIVE

Reliable evaluation of Optical Character Recognition (OCR) systems on complex historical documents
requires high-precision "Golden Truth" data. Traditional double-blind human annotation is expensive,
thus unscalable, while fully automated pipelines suffer from model bias and hallucination. To resolve this
tension, we introduce the Double Triangle Annotation paradigm.

This framework synthesizes the computational power of Multimodal Large Language Models (MLLMs)
with targeted human oversight. Rather than serving as primary annotators, humans act as "conflict
resolvers" within a statistically rigorous filtering system. This design is motivated by three key insights:

1. Statistical Improbability of Coincident Error: While independent models may make mistakes,
the probability of two architecturally distinct models making the exact same character-level error is
statistically negligible. Consequently, model consensus serves as a high-confidence proxy for truth.

2. Semantic Denoising: MLLMs leverage linguistic priors to "denoise" visually degraded text (e.g.,
correcting "Bandry" to the valid surname "Baudry"), providing a semantic advantage over traditional
OCR while managing the risk of hallucination.

3. Mitigation of Human Fallibility: To counter human fatigue and subjectivity, our "Double Triangle"
structure compares two independent model-human systems against each other, serving as a meta-
verification layer.

The objective is to produce a Golden Truth dataset with near-perfect accuracy (> 99% character match) at
a fraction of the cost of manual annotation. Figure 4.1 illustrates this architecture.

4.1.2 THE FIRST LAYER: THE ANNOTATION TRIANGLE (MACHINE-HUMAN COLLAB-
ORATION)

The First Layer Triangle maximizes throughput by leveraging the consensus of distinct models to
automate labeling, strictly reserving human labor for ambiguous cases.
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SYSTEM A SYSTEM B

QUALITY CONSENSUS

Raw Input Data
(Images)

Match?
ML1a == ML2a

M1a

Claude
M2a

Qwen

Human
Jury Ha

Label La

Match?
ML1b == ML2b

M1b

Llama
M2b

Grok

Human
Jury Hb

Label Lb

Yes Yes

No No

Golden Consensus?
La == Lb

FINAL EXPERT
(R)

GOLDEN
TRUTH

Match

Mismatch

FIGURE 4.1
Overview of the Double Triangle Annotation Framework with Layer 2 Highlighted.

ARCHITECTURAL COMPONENTS

Each annotation unit, defined as a System (S), comprises three agents:

• Two Machine Annotators (M1,M2): Independent models (e.g., MLLMs or OCR engines) that
extract structured text in parallel.

• One Human Jury (H): An annotator acting solely as a conflict resolver.

CONSENSUS-BASED WORKFLOW

The process follows a "Verification by Agreement" logic for every image I:

1. Parallel Inference: M1 and M2 independently generate provisional labels ML1 and ML2.

2. Automated Filtering:

• Consensus (ML1 = ML2): The label is automatically accepted as System Output (L) based
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CHAPTER 4 – DOUBLE TRIANGULAR EVALUATION FRAMEWORK

on the low probability of coincident error.

• Divergence (ML1 ̸= ML2): The discrepancy is flagged, and the case is routed to the Human
Jury.

3. Human Adjudication: The Jury (H) reviews image I and conflicting predictions to determine L,
shifting the human role from "producer" to "verifier."

THE INDEPENDENCE REQUIREMENT

To validate the assumption that P (Joint Error) ≈ 0, M1 and M2 must be architecturally independent
to avoid "Model Collapse" (shared hallucinations). We employ "Orthogonal Independence" via two
strategies:

• Cross-Family: Pairing models from different providers (e.g., Llama vs. Claude) to ensure distinct
training distributions.

• Cross-Modal: Pairing a Vision model (OCR) with a Semantic model (MLLM, Multimodal LLM).
This ensures error distributions are disjoint (topology vs. probability).

VERIFICATION SAMPLING

To monitor "Silent Error Rate," we implement a Stochastic Quality Check. A random subset of
"Consensus" cases is routed to the Human Jury to verify the ongoing validity of the independence
assumption.

4.1.3 THE SECOND LAYER: THE VALIDATION TRIANGLE (SYSTEM-SYSTEM COL-
LABORATION)

To mitigate the subjectivity and fatigue risks inherent in a single Human Jury, the Second Layer operates
as a meta-verification step to guarantee “Golden Truth” standards.

META-ARCHITECTURAL COMPONENTS

This layer treats the First Layer System (S) as a single annotator unit. The structure comprises:

• Two Independent Systems (S1, S2): Distinct First Layer instances utilizing different underlying
architectures (e.g., Llama-based vs. Claude-based) to maintain orthogonal independence.

• One Final Reviewer (R): A domain expert (e.g., historian) acting as the ultimate arbiter.

THE VALIDATION WORKFLOW

The process filters residual model and human errors through strict comparison:

1. Dual Generation: Systems S1 and S2 independently process the data to produce refined labels La

and Lb.

2. Meta-Comparison:

• Golden Consensus (La = Lb): If systems agree, the label is automatically designated as
Golden Truth (G). This implies that disjoint models (and potentially distinct Human Juries)
reached the same conclusion.

• Conflict (La ̸= Lb): Mismatches indicate complex edge cases or rare model divergence.
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3. Expert Resolution: Conflicting entries are routed to the Final Reviewer (R) to determine the final
Golden Truth.

ERROR PROBABILITY REDUCTION

By cross-checking decisions from disparate Human Juries, we induce a “Swiss Cheese” failure model.
The probability of an error persisting in the Golden Truth is the product of independent system failures:

P (ErrorG) ≈ P (ErrorS1)× P (ErrorS2) (4.1)

Since S1 and S2 are high-accuracy systems, this product approaches zero. This ensures expensive expert
intervention is allocated only to the most difficult small percentage of the dataset.

4.2 EXPERIMENTS AND EVALUATION

The experiments were designed to answer two key research questions:

1. Quality: Does the double layer effectively corrected the model and human errors?

2. Efficiency: Does the double layer successfully automate the majority of the workload?

4.2.1 EXPERIMENTAL SETUP

DATASET CHARACTERISTICS

To validate the efficacy of the Double Triangle Annotation framework, we conducted evaluation on the
target dataset: page 32 of book 1887. This page is labelled independently by two annotators independently,
manually (without LLM or OCR help). Since annotating one page is not that much workload (40 entries
the left column and 36 entries ont he right), and the annotations of two annotators are compared with each
other to get the final result, we regard this final result as golden standard.

However, out of convenience, these two annotators here are the same as Ha and Hb in Section 4.2.1,
which could potentially harm the independence between the golden truth and the results to be checked.

MODEL CONFIGURATION

To satisfy the requirement of Orthogonal Independence (Section 4.1.2), we instantiate two distinct Systems
using cross-company model pairs:

• System 1 (S1): M1a is claude-sonnet-4-5 and M1b is qwen3-vl-235b-a22b-thinking.

• System 2 (S2): M2a is llama4-maverick and M2b is grok-4-0709.

By design, each System uses heterogeneous models to reduce correlated failure modes (e.g., shared blind
spots on degraded typography or consistent formatting hallucinations), thereby lowering the risk of Model
Collapse under agreement-based auto-labeling.

A stronger configuration would pair one MLLM (Multimodal LLM) with one traditional OCR engine,
since classical OCR relies on fundamentally different recognition pipelines than end-to-end generative
MLLMs and can therefore provide more complementary errors. In practice, however, our pilot experiments
showed that the OCR outputs were too noisy for this setting: common failures included character-level
misrecognitions and structural errors such as merging adjacent entries or mixing fields across different
doctors. To keep the pipeline reliable and to reduce downstream human correction effort, we therefore use
two MLLMs per System. In our data, MLLM outputs were consistently cleaner and more structured than
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FIGURE 4.2
Doctors of medicine and surgery (Paris), Rosenwald Guide (1887, page 32): first (left) and second (right)

columns.14
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the traditional OCR baseline, which substantially reduced the amount of manual correction required in the
final verification step.

HUMAN JURY AND FINAL REVIEWER CONFIGURATION

We have two human juries (Ha, Hb) and one final reviewer (R) in our design. Ideally, Ha, Hb and R
should be three different and independent annotators, and R should be more experienced than Ha and Hb

to solve their conflict.

In our actual experiment setup, Ha is an annotator from Université de Lausanne, who speaks French
fluently. Hb is the researcher of the project, who has basic knowledge of French. R is the same person as
Hb. This setup is based on the convenience of the experiment. However, Hb and R as the same person
could harm the independence assumption, and the heavy workload could further improve the error rate.

4.2.2 EVALUATION METRICS

Our evaluation uses the manually produced reference transcription (Section 4.2) as the gold standard G.
For any system output (a model prediction, a jury-corrected version, or the reviewer-corrected version),
we denote the hypothesis text as X . Metrics are computed against G.

WORD ERROR RATE (WER). WER measures word-level edit distance between X and G:

WER(X,G) =
Sw +Dw + Iw

Nw
, (4.2)

where Sw, Dw, Iw are the numbers of word substitutions, deletions, and insertions required to transform
X into G, and Nw is the number of words in G. We report WER before and after human correction at
each layer (Table 4.1).

CHARACTER ERROR RATE (CER). CER measures character-level edit distance:

CER(X,G) =
Sc +Dc + Ic

Nc
, (4.3)

where Sc, Dc, Ic are the numbers of character substitutions, deletions, and insertions, and Nc is the
number of characters in G. CER could capture more fine grained errors than WER.

FIELDS TO CORRECT. In addition to text-level error rates, we quantify human workload directly at the
field level. Let the dataset contain Nfields atomic fields (e.g., nom, adresse, horaires, etc.). For a
given human operator (jury or reviewer), we define:

Ncorrect =

Nfields∑
j=1

I [Xj ̸= Yj ] , (4.4)

where Xj is the pre-review value shown to the annotator for field j, Yj is the final value after the annotator’s
intervention, and I(·) is the indicator function. This yields the “Fields to correct” column in Table 4.1.

HUMAN EFFORT RATIO. We normalize the correction count to obtain a comparable workload measure:

EffortRatio =
Ncorrect

Nfields
× 100%. (4.5)

This metric directly captures the fraction of the dataset that required manual edits (first-layer juries) or
manual re-edits (second-layer reviewer), matching the “Human effort ratio” reported in Table 4.1.
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4.2.3 RESULTS

TABLE 4.1
Experiment results of double triangular annotation framework on page 32, 1887, Rosenwald Guide

Human Input WER CER Fields
to correct

Human
effort ratio

Before After Before After

Ha
claude 0.0872

0.0302
0.0528

0.0179 70 18.4%
qwen 0.0436 0.0141

Hb
llama 0.0688

0.0084
0.0274

0.0028 100 26.3%
grok 0.1409 0.0499

R
Ha 0.0302

0.0034
0.0179

0.0007 16 4.2%
Hb 0.0084 0.0028

The experiment results are reported in Table 4.1.

4.2.3.1 ACCURACY

FIRST TRIANGLE LAYER. In the first layer of the triangle, the two annotators (Ha and Hb) correct
the model outputs. After correction, the Word Error Rate (WER) decreases for both annotators, and the
Character Error Rate (CER) decreases for Hb but not for Ha. By inspecting the original annotations, we
found one doctor entry where Ha left all fields blank. A plausible explanation is that Ha accidentally
forgot to annotate this entry and saved blank values. This suggests that the validity checks in our annotation
platform could be strengthened, and it also motivates the need for a second-level review (the final reviewer)
to further reduce single-annotator subjectivity. Overall, the reduction in error rates indicates that the
first-layer correction is effective.

SECOND TRIANGLE LAYER. In the second layer, the final reviewer (R) reviews and corrects the results
produced by Ha and Hb. Both WER and CER further decrease after R’s correction, demonstrating the
effectiveness of the second-layer review. Nevertheless, the error rate is not zero. A detailed inspection
reveals two remaining errors in the final output:

1. One character substitution. Douvillé is incorrectly recognized as Douville. The missing-accent error
appears in both llama and grok (i.e., the same mistake on the same data point), so Hb did not
have an opportunity to catch it through disagreement-based checking. claude does not extract
this entry, qwen also omits the accent, and Ha fails to annotate this entry due to the aforementioned
omission. As a result, the discrepancy is escalated to R, who accepts the Douville variant from Hb

without noticing the accent.

2. One character insertion. Taibout is incorrectly recognized as Taitbout. This error occurs for both
claude and qwen, leaving Ha no chance to detect it via cross-model disagreement. llama
outputs Taitbout while grok outputs Taihout; Hb follows the llama output. Because Ha and Hb

end up with the same surface form, the case is not flagged for review, and R does not re-check it.

FIGURE 4.3
The entry Douvillé
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FIGURE 4.4
The entry Taibout

From the error analysis above, we identify 3 problems of the double triangular annotation framework:

1. Correlated model errors. Different models can converge to the same mistake on the same data
point. For example, llama, grok, and qwen all omit the accent in Douvillé, and claude,
qwen, and llama all misrecognize Taibout as Taitbout. Figure 4.3, 4.4 shows the corresponding
snippets. In the Douvillé entry, the accent is visually close to a dot rather than a clear accent
aigu. In the Taibout entry, the hyphen after Tai- (introduced by a line break) can plausibly be
mistaken for a faded t. Such visual ambiguity can explain why multiple models fail in the same way.
However, ambiguity is pervasive in historical documents, so we should be cautious about relying on
independence assumptions across models.

2. Semantic correction. Due to their probabilistic nature, LLMs may output a more common or
more plausible string rather than the exact string present in the image. For instance, Douvillé is a
surname, whereas Douville is a commune name in France. A plausible explanation is frequency
bias: Douville may occur more often than Douvillé in LLM training corpora, making it a more
likely completion, even though the field is nom (not adresse). Similarly, Taibout is a surname,
while Rue Taitbout is a street name in Paris. The model could prefer Taitbout due to the same
probablity reason as Douville. Thus, although semantic priors can help resolve visually ambiguous
characters, they can also introduce errors, especially for rare strings such as proper names. One
way to mitigate this effect is to compare LLM outputs against a strong traditional OCR baseline:
unlike LLMs, traditional OCR is typically more faithful to the observed glyphs and less influenced
by semantic plausibility. However, the results of traditional OCR could be much more noisy than
LLM, which increases manual effort.

3. Residual human subjectivity. Human decisions still influence the final output even with two layers
of correction. In the Douvillé case, Ha accidentally leaves the entry blank, and R accepts Hb’s
Douville without noticing the missing accent. In the Taibout case, Hb follows llama’s Taitbout
without detecting the subtle discrepancy. These examples indicate that human judgement remains a
source of error: when presented with two candidate strings, the jury/reviewer may default to the
option that looks more plausible, even when it is still incorrect. One possible mitigation is to modify
the interface so that, when two candidates disagree, the system does not display them side-by-side;
instead, it prompts the annotator to transcribe directly from the original image. This design could
reduce anchoring effects and encourage closer inspection, at the cost of additional annotation time.

4.2.3.2 EFFICIENCY

Ha and Hb need to correct 70 and 100 fields, respectively. This corresponds to only 18.4% and 26.3%
of the 380 fields in total, indicating a substantial gain in efficiency. The final reviewer R only needs to
correct 16 fields, implying a relatively low review workload. Such reduced effort lowers human annotation
costs and may also improve accuracy by alleviating fatigue.
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4.3 CONCLUSION

This chapter proposed the Double Triangular Evaluation Framework to produce high-precision Golden
Truth for noisy historical OCR while keeping human labor scalable. The first layer uses cross-model
agreement to auto-accept easy cases and routes disagreements to a human jury; the second layer cross-
checks two independent systems and escalates residual conflicts to a final reviewer.

On Rosenwald Guide (1887, p. 32), the framework delivers strong efficiency gains: only 18.4% and
26.3% of fields required first-layer correction, and the reviewer intervened on just 4.2%, while WER and
CER generally decrease after each correction stage (Table 4.1). And the final output of our framework
only has one character substitution error and one character insertion error, with 0.0034 WER and 0.0007
CER, which is close to perfect match with the golden truth. These results suggest that consensus filtering
can automate most routine work, and that the two-stage verification effectively corrects many model and
single-annotator errors.

However, the experiment also exposes key limitations. First, model errors can be correlated: multiple
MLLMs may converge on the same wrong string under visual ambiguity, so agreement is not a guarantee of
correctness. Second, semantic priors can mislead (frequency/plausibility bias), which is problematic for
rare surnames and diacritics. Third, human oversight remains fallible (omissions, anchoring, fatigue),
and our convenience setup (Hb also acting as R) weakens strict independence. Future work should
strengthen independence (ideally pairing MLLMs with a strong OCR baseline), increase sampling of
“consensus” cases to estimate silent error, and adjust the interface to encourage direct transcription in
disputed cases.
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CHAPTER 5

CREATE BENCHMARK WITH DOUBLE
LAYER ANNOTATION FRAMEWORK

5.1 DATA SELECTION

As described in Section 3.1.3, we restrict our analysis to the sections titled Docteurs en médecine et en
chirurgie and Officiers de santé, covering both Paris and the départements and colonies. Table 3.2 shows
that most volumes contain roughly 200 target pages, with the exceptions of 1903 and 1904, which each
include about 300 pages. In total, 4116 pages.

To construct a benchmark that remains representative of the full corpus, we apply stratified sampling with
a target size of 100 pages. Specifically, for each year we allocate a number of sampled pages proportional
to that year’s share of the total target pages, and then sample pages within each year accordingly. This
procedure yields a final benchmark of 105 pages.

To improve the annotation accuracy, we manually cropped the advertisements at the top and bottom of
each page, and split the two columns into two images. Removing advertisements and splitting the columns
could help the annotation accuracy, as is discussed in Section 5.4.

5.2 MODEL ANNOTATION

5.2.1 MODEL SELECTION

For two systems in the first layer, our model selection is the same as Section 4.2.1.

• System 1 (S1): M1a is claude-sonnet-4-5 and M1b is qwen3-vl-235b-a22b-thinking.

• System 2 (S2): M2a is llama4-maverick and M2b is grok-4-0709.

These are the state-of-the-art models in current LLM competitions (december 2025), ensuring model
capability. Models from different families ensure independency.

5.2.2 DATA CLEANING AND ALIGNMENT

The MLLM outputs do not always strictly follow the requested TSV format. We therefore applied
an automatic post-processing step based on regular expressions to normalize the structure. After this
correction, all TSV files are valid: each row contains the same number of fields as the header, ensuring
consistent downstream parsing. Implementation details are provided in the codebase.
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To measure agreement between the two models on the same page, we compute edit distance using the
jiwer1 library. This alignment step enables robust comparisons even when outputs differ in punctuation,
spacing, or minor tokenization artifacts. Further details are available in the code.

5.2.3 EFFICIENCY AND QUALITY ANALYSIS

TABLE 5.1
Aggregated field-level matching rate by model pair.

Model pair Matched fields Total fields % matched fields
claude_vs_qwen 37314 46830 79.7%
llama_vs_grok 34962 46550 75.1%

As is shown in Table 5.1, both model pairs achieved more than 75% matching rate over the fields. This
shows that using MLLM as initial annotators could reduce over 75% of human labour in data labelling.
In addition, based on our previous assumption, high level of matching rate also indicates high accuracy,
which proves the quality of our labelling.

5.2.4 DATA POST-FILTERING

Figure 5.1 illustrates the distributions of field-level matching rate, character-level matching rate, number
of distinct fields, and total number of fields across the 210-column dataset. We observe a long-tail
phenomenon in the matching rates and the count of distinct fields; files located within these tails require
significantly more time for human annotation.

To balance dataset quality and annotation feasibility within project time constraints, we filtered the dataset
to retain only files meeting the following criteria: fewer than 70 distinct fields, a field matching rate greater
than 0.7, and a character matching rate greater than 0.6.

This filtering strategy maximizes the utility of machine consensus and reduces the necessary human labor.
We acknowledge a potential risk of favoring shorter columns or instances where the MLLM performed
well, since we are deviating from the original stratified sampling.

After filtering, we have the 58 columns to serve as the benchmark. The field matching statistics are shown
in Figure 5.2.

On the second layer of our framework, we have 991 fields to correct, out of 13595 fields in total, which
is only 7.2% human effort. We can still improve the efficiency of our framework by conducting more
rule-based automatic review, for example resolve the conflict in address with only the difference like
"Marseille" and "à Marseille".

TABLE 5.2
Aggregated field-level matching rate by model pair in filtered data

Model pair Matched fields Total fields % matched fields
claude_vs_qwen 11,294 12,895 87.6%
llama_vs_grok 11,048 12,905 85.6%

1https://github.com/jitsi/jiwer
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FIGURE 5.1
Distributions of matching rate and fields count over the data 210 columns
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FIGURE 5.2
Human Correction Platform

5.3 CORRECTION PLATFORM

To facilitate the human correction of the data fields where machines don’t reach consensus, we developed
an annotation platform. With this platform, our annotator could focus on correcting the different results
from machine annotations, as is shown in Figure 5.2.

We use red box to highlight the fields with different machine annotations, and we also highlight the exact
different character in the field. In this way, we exploit the maximum utility of the machine consensus and
improve the manual correction efficiency and accuracy.

We have our researcher Ren Yi and Ella Bischoff from UNIL to conduct the human correction. We
appreciate their work.

5.4 IMAGE PREPROCESSING NECESSITY

Table 5.3 reports word error rate (WER; lower is better) under four image-input setups: raw (baseline),
no-ad (removing auxiliary “ad/extra” content), split (splitting the page into columns before inference),
and concat (concatenating split columns). Overall, removing auxiliary content is broadly beneficial: 12/13
models improve from raw to no-ad, with a median relative WER reduction of 20.03% (mean: 22.27%).
Splitting is often the most effective downstream strategy: split yields the best WER for 7/13 models
(vs. 5/13 for no-ad), and achieves the best absolute result in our runs with gemini-3-pro-preview
(WER=0.0351). In contrast, concatenation is unstable: only 4/13 models improve under concat, while
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LLM WERraw WERno-ad ∆raw→no-ad (%) WERsplit ∆no-ad→split (%) WERconcat ∆no-ad→concat (%)

claude-haiku-4-5 0.1371 0.0987 28.01 0.0870 11.85 0.5987 -506.59
claude-opus-4-1 0.1338 0.1070 20.03 0.1104 -3.18 0.5151 -381.40
claude-sonnet-4-5 0.1438 0.0886 38.39 0.0836 5.64 0.5234 -490.74
gemini-2.5-flash 0.1371 0.0870 36.54 0.0669 23.10 0.0736 15.40
gemini-2.5-pro 0.0652 0.0619 5.06 0.0669 -8.08 0.0619 0.00
gemini-3-pro-preview 0.0585 0.0552 5.64 0.0351 36.41 0.0569 -3.08
gpt-5-mini 0.0803 0.0753 6.23 0.0870 -15.54 0.1187 -57.64
gpt-5.1 0.1221 0.1656 -35.63 0.0853 48.49 0.2408 -45.41
grok-4 0.1923 0.1756 8.68 0.1288 26.65 0.1589 9.51
grok-4-1-fast-reasoning 0.9532 0.3662 61.58 0.9097 -148.42 0.9448 -158.00
llama4-maverick 0.1421 0.0920 35.26 0.0686 25.43 0.0702 23.70
qwen3-vl-235b-a22b-thinking 0.0853 0.0702 17.70 0.0719 -2.42 0.0736 -4.84
qwen3-vl-8b-thinking 0.3478 0.1321 62.02 0.1405 -6.36 0.1120 15.22

TABLE 5.3
WER ablation across image-input strategies. Positive ∆ indicates a relative WER reduction (improvement)

versus the reference configuration.

several degrade severely (e.g., Claude models). Notably, gpt-5.1 is an outlier where no-ad harms
performance (WER 0.1221 → 0.1656), but split largely recovers accuracy (WER 0.0853).

BEST STRATEGY FOR THE SELECTED MODELS. For our selected models, we choose the image-
input configuration that minimizes WER (Table 5.3). For claude-sonnet-4-5, split performs best
(WER=0.0836), improving over no-ad (0.0886), whereas concat degrades substantially (0.5234). For
qwen3-vl-235b-a22b-thinking, no-ad is marginally best (WER=0.0702); split (0.0719) and
concat (0.0736) yield no further gains. For llama4-maverick and grok-4, split is clearly optimal
(WER=0.0686 and 0.1288, respectively), suggesting that region-wise processing is beneficial for these
models. In summary, split is optimal for 3/4 selected models and is within 0.0017 WER of the best setting
for the remaining one; for consistency across systems, we therefore adopt split for all four models.

Particularly, the dramatic performance drop with the strategy concat, could result from the too long image
after concatenation, Claude 4.5 Sonnet would be scaled down before converting to tokens 2, which could
degrate the performance significantly.

5.5 CONCLUSION

This chapter constructs a representative benchmark from the Rosenwald Guides via stratified sampling
and creates annotations using a double-layer framework: two independent MLLM systems produce initial
TSV outputs. After post-filtering to prioritize high-consensus and feasible cases, we obtain a 60-column
benchmark in which model agreement exceeds 85%. In the final review layer, we only need to manually
correct 991 fields out of 13595, and this efficiency could be further improved. Finally, an ablation study
shows that removing ads and splitting pages into columns consistently improves OCR quality, motivating
the use of split preprocessing across our selected models.

2https://platform.claude.com/docs/en/build-with-claude/vision
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EXTRACTION PIPELINE

6.1 MOTIVATION AND OBJECTIVE

Extracting accurate, structured information from historical documents presents a distinct set of challenges.
Primary difficulties include scanning noise and complex page layouts, such as fading ink, skew, and dense
multi-column formatting. In this context, the central question is how to obtain structured outputs (e.g.,
TSV/JSON) while remaining faithful to the evidence present on the page.

To motivate our design choices, we compare four extraction paradigms that represent the main families of
practical approaches for this task:

1. Traditional OCR

2. Multimodal LLM (image input)

3. Multimodal LLM (image + traditional OCR output)

4. Text-only LLM (traditional OCR input)

6.2 COMPARISON OF FOUR EXTRACTION METHODS

6.2.1 METHOD 1: TRADITIONAL OCR

Traditional OCR engines are designed for faithful character-level transcription from document images. In
this setting, they offer a strong form of grounding: every output token is directly tied to observed glyphs.
However, they lack semantic and layout reasoning. When glyphs are unclear or layouts are intricate, their
performance degrades significantly, leading to typical failure modes such as:

• Layout entanglement: merging distinct entries or mixing details from adjacent columns.

• Noise sensitivity: misrecognizing stains or unwanted decorative symbols

• Schema mismatch: producing text that is not naturally aligned with the desired structured format.

As a result, OCR alone could be used for transcription yet unreliable for record-level extraction.

6.2.2 METHOD 2: MULTIMODAL LLM (IMAGE INPUT ONLY)

A multimodal LLM can directly map the document image to structured outputs, often producing clean and
well-formatted results even in the presence of layout complexity. This approach is attractive because the
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model can jointly reason about visual layout and semantic content. Nevertheless, it suffers from a crucial
limitation: the lack of explicit grounding constraints. The model may hallucinate or over-correct, for
example: replacing uncertain glyphs with plausible but incorrect names, dates, or addresses. In historical
documents where uncertainty is frequent, such unconstrained generation can be costly.

6.2.3 METHOD 3: MULTIMODAL LLM (IMAGE + OCR OUTPUT)

A common mitigation is to provide the multimodal LLM with both the image and the traditional OCR
transcription. Intuitively, the OCR text can serve as an additional evidence channel that encourage the
model toward fidelity, while the image preserves access to layout cues and hard-to-recognize regions.
This hybrid setup often improves robustness, but it raises cost as it is using both textual and image input.

6.2.4 METHOD 4: TEXT-ONLY LLM (OCR INPUT ONLY)

As is shown in Figure 6.1, an alternative is to restrict the LLM to text-only processing by feeding it the
OCR transcription (and a target schema) while withholding the image. In this design, the OCR output
becomes the sole evidence source, and the LLM is tasked with transforming an imperfect transcription
into a structured representation. Concretely, the LLM can play two constrained roles:

1. Noise filtering: identifying and removing non-entry content (e.g., advertisements) and OCR
artifacts.

2. Schema alignment: segmenting, labeling, and formatting the remaining text into TSV/JSON
records.

Because the model cannot access visual signals, it has fewer opportunities to introduce visually-motivated
“guesses.” However, lack of visual information could also limit the accuracy of annotation, especially
when the input OCR text is too noisy.

6.3 SUMMARY OF TRADE-OFFS

The four methods have different trade-offs for fidelity to observed evidence and ability to resolve
layout/semantic ambiguity:

• Traditional OCR emphasizes character-level faithfulness but struggles with structure in complex
layouts.

• Multimodal LLM (image only) emphasizes end-to-end structuring but risks hallucination and
over-correction.

• Multimodal LLM (image + OCR) adds an evidence anchor yet cost more.

• Text-only LLM (OCR only) prioritizes evidence-constrained restructuring, but also constrained by
the quality of OCR text.

Since each method has its own advantages and drawbacks, it’s important to evaluate them in concrete
application scenarios, in order to find out which works best in our task.

6.4 EVALUATION

In this section, we conduct a series of experiments to validate the effectiveness of our approach. Specific-
ally, we aim to address the following research questions (RQs):

1. RQ1: Which data source should we use for the extraction?
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FIGURE 6.1
The two-stage extraction pipeline. Traditional OCR creates a textual anchor, which the LLM structures

according to the prompt.

2. RQ2: Which model should we use for the extraction?

6.4.1 DATASET

Our evaluation benchmark consists of a curated set of historical documents (30 pages) created in the
previous section.

6.4.2 EXPERIMENTAL SETUP

MODEL SELECTION For the generative components, we evaluate 4 state-of-the-art Large Language
Models: GPT-5.2 and Gemini 3 Pro and their light version GPT-5 mini and Gemini 3 Flash. For the
initial text recognition layer, we utilize two sources: the open-source Tesseract engine and the legacy
OCR metadata provided with the Guide Rosenwald digitization.

BASELINES AND COMPARISONS To validate the effectiveness of our extraction strategy, we compare
four representative methods below:

1. Traditional OCR: Direct use of OCR transcriptions (Tesseract and the existing Guide Rosenwald
OCR) without any LLM-based post-processing.

2. Multimodal LLM (Image Only): End-to-end extraction that maps an image crop directly to
structured output using a vision-language model, without providing the OCR transcription.

3. Multimodal LLM (Image + OCR): A hybrid setup in which the vision-language model receives
both the image crop and the OCR transcription, allowing it to leverage visual cues while being
guided by textual evidence.

4. Text-only LLM (OCR Only): A two-stage configuration, where a text LLM receives only the OCR
transcription (with a target schema) and is used solely for noise filtering and schema alignment,
treating OCR as the sole evidence source.

6.5 QUANTITATIVE ANALYSIS

6.5.1 RQ1: WHICH DATA SOURCE SHOULD WE USE FOR THE EXTRACTION?

Table 6.1 shows the Word Error Rate (WER) and Character Error Rate (CER) across all the models and
data sources. By comparing the best-performing (bolded) results across all data sources, we observe that
Image + Original OCR consistently achieves the lowest error rate on all metrics, followed by Image alone.
Both image-based settings show a substantial lead over Original OCR and Tesseract OCR. However, in
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Source Model Avg WER Mid WER Avg CER Mid CER

Image + Original OCR

gemini-3-pro-preview 0.0360 0.0293 0.0139 0.0088
gemini-3-flash-preview 0.0435 0.0403 0.0177 0.0108
gpt-5.2-2025-12-11 0.0581 0.0543 0.0178 0.0149
gpt-5-mini-2025-08-07 0.1026 0.0645 0.0581 0.0192

Image

gemini-3-pro-preview 0.0372 0.0347 0.0143 0.0092
gemini-3-flash-preview 0.0413 0.0355 0.0167 0.0106
gpt-5.2-2025-12-11 0.2024 0.1133 0.1405 0.0384
gpt-5-mini-2025-08-07 0.1274 0.0877 0.0650 0.0327

Original OCR

gemini-3-pro-preview 0.0959 0.0751 0.0373 0.0264
gemini-3-flash-preview 0.0989 0.0910 0.0314 0.0292
gpt-5.2-2025-12-11 0.1132 0.0794 0.0415 0.0317
gpt-5-mini-2025-08-07 0.1580 0.1155 0.0701 0.0471
raw_ocr 0.3948 0.3257 0.1862 0.0998

Tesseract OCR

gemini-3-pro-preview 0.2405 0.1681 0.1592 0.0667
gemini-3-flash-preview 0.1618 0.1267 0.0890 0.0475
gpt-5.2-2025-12-11 0.2644 0.1566 0.1838 0.0709
gpt-5-mini-2025-08-07 0.3230 0.2378 0.2246 0.1068
raw_ocr 0.8387 0.5956 0.4594 0.3611

TABLE 6.1
OCR and post-OCR correction performance across sources and models (30 documents). The best result

of each source is bold, and the second best is underlined. (Avg is the macro avg over files)
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FIGURE 6.2
WER by document (Gemini 3 family)

(’1899’, ’0287’), (’1903’, ’0532’) these two years do not have original OCR, using Tesseract OCR instead
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Figure 6.2, while the WER of Original (text only LLM with Original-OCR input) is usually higher than
image and image+text source, there are exceptions in 1888-0064 and 1888-0096.

These results indicate that the quality of the input data source is the primary factor influencing extraction
performance. The image modality contains the most complete and faithful information, and starting
directly from images leads to strong results, especially given the capabilities of current multimodal LLMs.
Augmenting images with the original OCR text can further improve accuracy, as the textual signal may
help disambiguate certain fields and reduce model uncertainty.

In contrast, when relying solely on OCR outputs (either original or Tesseract) without access to images,
the LLM functions mainly as a post-correction mechanism. In such cases, extraction quality is strongly
constrained by the underlying OCR quality. For example, Tesseract OCR produces noisier text than the
original OCR, its downstream extraction and post-correction performance degrades accordingly.

In summary, images should be included in the input for extraction. Adding the original OCR as auxiliary
information provides modest additional gains. The final choice between Image and Image + Original OCR
should be informed by further analysis using more fine-grained, field-level metrics rather than relying
solely on aggregate performance measures, since the metric difference is small between these two sources.

6.5.2 RQ2: WHICH MODEL SHOULD WE USE FOR THE EXTRACTION?

Table 6.1 shows that across both the Image and Image + Original OCR settings, gemini-3-pro-preview
consistently achieves the best performance, followed closely by gemini-3-flash-preview. This
highlights the strong overall capability of the Gemini 3 family for our extraction task.

At the same time, the performance gap between the Pro and Flash variants remains relatively small, and
the advantage of the Pro model is not always consistent across all the files (see Figure 6.2). This suggests
that lighter models, which offer substantially lower latency and cost, are already capable of delivering
competitive extraction quality in this scenario.

Consequently, while gemini-3-pro-preview represents overall higher accuracy, gemini-3-flash-preview
constitutes a compelling alternative when efficiency considerations are prioritized. The final model choice
should therefore balance marginal accuracy gains against computational cost and throughput requirements.

6.5.3 SUMMARY OF QUANTITATIVE ANALYSIS

From the quantitative analysis above, to pick the best strategy for our extraction, we can narrow down our
choices to:

1. Model: Gemini 3 Pro Preview or Gemini 3 Flash Preview

2. Source: Image + Text or Image only

Since these four combinations exhibit comparable performance, we further rely on qualitative analysis to
differentiate them and identify the most suitable strategy. In addition, the text-only LLM with original
OCR input is also included in the qualitative analysis. This model served as our primary approach in
the initial studies, and its inclusion provides a complementary perspective on text-only post-correction
performance.

6.6 QUALITATIVE ANALYSIS

In this section, we conduct a qualitative, file-level analysis to examine representative cases in which the
word and character error rates differ across model–input combinations. Rather than focusing on aggregate
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metrics, we inspect individual files to understand the nature of errors, the conditions under which error
rates increase or decrease, and whether these behaviors are consistent with the overall quantitative results.

1. 1897-0124: In case of error rate, Image+Text Gemini 3 Pro < Image Gemini 3 Pro < Original
OCR + Gemini 3 Flash Preview < Original OCR + Gemini 3 Pro Preview. The first inequality is
consistent with the global evaluation results. However, the latter comparison is unexpected from a
model-capacity perspective, as the Pro variant performs worse than the Flash model under identical
original OCR input.

2. 1904-0514: Image+Text Gemini 3 Pro, Image Gemini 3 Pro < Original OCR + Gemini 3 Pro
Preview. A case in which only the text-only pipeline with original OCR input produces a high error
rate, while all image-based or image+text configurations perform reliably. This file highlights the
limitations of post-correction without visual grounding.

3. 1893-0061: Image Gemini 3 Pro < Image+Text Gemini 3 Pro, contradicting the overall trend in
which multimodal input generally yields lower error rates. This case motivates a closer inspection
of how auxiliary textual input may introduce noise.

6.6.1 1897-0124

WHY IMAGE + TEXT WINS OVER IMAGE ONLY

Figure 6.3 shows the entries in page 1897-0124. Table 6.2 shows two examples where Image + Text input
outperforms Image only input in this image. In the first example, with Image Only, the model recognizes
the year as 1868, while in the image it shows 1868. In raw OCR text (original OCR), it shows 1868, and
with Image + Text input, the model outputs the correct year. With Original OCR only, the model also
outputs the correct result. This shows that Image Only input method could be unstable on certain points,
and additional Text information could help the correction.

Source Name Year Address
REF viégarnier 1868 av des ternes 63
Image + Text viégarnier 1868 av des ternes 63
Image Only viégarnier 1866 av des ternes 63
Original OCR Only viégarnier 1868 av des ternes 63
Raw OCR viégarnier 1868 av dès ternes 63
REF vigoureux 1868 vaugirard 33
Image + Text vigoureux 1868 vaugirard 33
Image Only vigouretix 1868 vaugirard 33
Original OCR Only vigoureux 1868 vaugirard 33
Raw OCR viçfoureux 186s vaugirard 33

TABLE 6.2
Gemini 3 Pro Preview outputs compared to ground truth (REF). Errors are highlighted in red.

In addition, in the raw OCR, the "des" in the address is recognized as "dès". Although "dès" is a valid
French word, it is not grammatically and semantically correct here. Image Only, Image + Text and
Original OCR Only model corrected this error, showing the capability of semantic correction, or the
usability of LLM prior knowledge in our correction task.

In the second example, with Image Only, the model has a wrong recognition on the name. The raw OCR
also made mistakes on the name, which however reserves the correct suffix "reux", which could be a
common suffix in French words. With Image + Text input, and Original OCR Only input, our model
successfully corrected this error. One possible explanation is that vigoureux is a common French word
and also a possible surname. This word is recognized by our model through its prior knowledge. This

29



CHAPTER 6 – EXTRACTION PIPELINE

FIGURE 6.3
1897-0124 image

once more shows the unstability of Image Only input method.

When it comes to the year, the raw OCR has the year 1868 recognized as 186s, which is not a valid year.
It’s acceptable for the OCR because it only follows the string as it is, rather than cooperating semantic
knowledge. All of our input modalities, corrected this mistake, again showing the capability of semantic
correction.

WHY PRO FAILS FLASH

In Table 6.3, we have several examples where Gemini 3 Flash Preview outperforms its pro version, Gemini
3 Pro Preview. In all these 5 examples, Gemini 3 Pro completely missed the entries and Gemini 3 Flash
Preview faithfully corrected them. All these entries, except for the last one, have the specializations/titles
related to the doctors. The last example has two names. One possible explanation is that in our input
prompt, we didn’t give examples of such complicated title/specializations and the examples of multiple
names, and the model may not be familiar with this pattern. Gemini 3 Pro Preview may have strong prior
knowledge of the common strings, but it does not recognize these rare strings about titles/specializations,
so it chose to treat them as noises and ignore them. Gemini 3 Flash Preview, on the other hand, could
have less prior knowledge and process the input string as it is, which in turn gives good results. There are
no other results where Gemini 3 Pro Preview missed the entire entry other than these examples.

This explanation shows that the Pro model may not always outperforms the light model in our Text Only
scenario, especially on not fully prompted and rare cases.

6.6.2 1904-0514

WHY TEXT ONLY ORIGINAL FAILS

Table 6.4 shows the examples where text only input doesn’t work. Example 1, 5 shows that text only
input may inherit the errors from raw OCR. Since it doesn’t have image input, it is unlikely to find the
mistakes that are not so obvious, especially in proper nouns like names. Example 2 and 4 show the
risk of over-correction of text-only input. "Bully", "rue" and "Bordeaux" are common words, but in our
extraction task, we would prioritise faithfulness over textual prior knowledge. Example 3 shows that
in noisy OCR cases, the model, without image, could make wrong corrections. In example 6, only the
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Source Transcription
REF vicario 1886 pharmacien-chimiste 1re classe lic ès sc laur de l’ec de pharm laboratoire

spécial d’analyses boul haussmann 17 angle de la rue au helder
Gemini 3 Flash Preview vibario 1886 pharmacien-chimiste 1re classe lic ès sc laur de l’ec de pharm laboratoire

spécial d’analyses boul haussmann 17 angle de la rue au helder
Gemini 3 Pro Preview [entry missed completely]
Raw OCR vibàrio sjï886 phàrmaciencmviislé classe lie bs se laur de vec de pharm laboratoire

spécial dana lyses boul haussiïiânn 17 angle dé larue au helder
REF viron phu en ch de la salpêtrière
Gemini 3 Flash Preview viron ph en ch de la salpêtrière
Gemini 3 Pro Preview [entry missed completely]
Raw OCR viroh ph eh gh de lasàlpùtriere
REF voiry 1888 réactif voiry eucalyptol voiry boul de courcelles 5
Gemini 3 Flash Preview voiry 1888 réactif voiry eucalyptol voiry boul de courcelles 5
Gemini 3 Pro Preview [entry missed completely]
Raw OCR voiry 1888 réactif voiry èucalypiol voiry boul de courceiles 5
REF wesson r ph béral paix 14
Gemini 3 Flash Preview wesson r ph béral paix 14
Gemini 3 Pro Preview [entry missed completely]
Raw OCR wesson r phbéral paix 14
REF yvon et berlioz 1887 feuillade 7
Gemini 3 Flash Preview yvon ✩et berlioz 1887 feuillade 7
Gemini 3 Pro Preview [entry missed completely]
Raw OCR ïvon $fe et berlioz 18s7 feuiliade7

TABLE 6.3
Qualitative comparison of transcription with Original OCR Input. Errors are highlighted in red.

1 REF baillo 1890 à thuir pyrorientales
image + text baillo 1890 à thuir pyrorientales
image only baillo 1890 à thuir pyrorientales
text only bàillo 1890 à thuir pyrorientales
raw bàillo 1890 à thùir pyrorientâles

2 REF baillot 1868 à buly pdec
image + text baillot 1868 à buly pdec
image only baillot 1868 à buly pdec
text only baillot 1868 à bully pdec
raw baiuot 1868 à buly pdec

3 REF bailly à dampierre saôneetloire
image + text bailly à dampierre saôneetloire
image only bailly à dampierre saôneetloire
text only bailly à dompierre saôneetloire
raw bailly à ûarhpierre saôneeuloire

4 REF balade 1899 rte de bayonne 6 bord
image + text balade 1899 rte de bayonne 6 bord
image only balade 1899 rte de bayonne 6 bord
text only balade 1899 rue de bayonne 6

bordeaux
raw balade 1899 rie dé bayenne 6 bprd

5 REF ballangé saujon charinf
image + text ballangé saujon charinf
image only ballangé saujon charinf
text only bairangé saujon charinf
raw bairangésaujpn charihf

6 REF barbe 1872 à chénerailles creuse
image + text barbe 1872 à chénerailles creuse
image only barbe 1872 à chénérailles creuse
text only barbe 1872 à chénérailles creuse
raw barbe 1872 à chéneraillés creuse

TABLE 6.4
Qualitative transcription examples with Gemini 3 Pro Preview. The left label column aligns model sources;

only character-level deviations from REF are highlighted in red. Horizontal lines separate examples.
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FIGURE 6.4
1904-0514 Image
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iamge+text input gets the correct answer. While chénérailles is a commune in France, in the original
picture it is chénerailles.

In conclusion, only OCR text input, without image input, may inherit errors from raw OCR, conduct over
correction.

6.6.3 1893-0061 SOMETIMES ONLY IMAGE WORKS BETTER THAN IMAGE+TEXT?

Table 6.5 shows some examples from 1893-0061. Figure 6.5 shows the related entries. Although we asked
the model to ignore the decorations in the image since they are non-formal characters, sometimes they
still extract them in unexpected ways. Example 1 and 2 show that image+text extracts the decorations
while image only didn’t, that’s why the image only received higher matching rate. This behaviour could
be explained that with text input, the model is influenced by the raw OCR text. In these two examples, the
raw OCR text input indicates that there is something between the name and the year, and the model tries
to extract it, resulting in unnecessary information.

1 REF aber 1867 lafayette 47 midi à 5
image+text aber ✠ ✩ 1867 lafayette 47 midi à 5
image only aber 1867 lafayette 47 midi à 5
raw aber iji ij 1867 lafayctto47 midi à 5

2 REF allix 1867 stflorentin 6 midi à 1
image+text allix ✠ ✩ 1867 stflorentin 6 midi à 1
image only allix 1867 stflorentin 6 midi à 1
raw allix iji5£ 1867 stflorenlin 6 midi

3 REF abadie 1870 mal des yeux volney 9 clin boul stgermain 172 lun mer ven 5
image+text abadie ✩ 1870 mal des yeux volney 9 lun mer ven 5
image only abadie 1870 ✩ mal des yeux volney 9 lun mer ven 5
raw abadiet̂ 1870mal desyeux volney 9 lunmerven 5 clin boul stgermain 172

TABLE 6.5
Qualitative transcription examples showing spurious symbol insertion and OCR corruption with Gemini 3

Pro Preview. Only character-level deviations from the reference are highlighted in red.

In example 3, both image+text and image only input extract the decorations, which shows that image only
input could also be influenced by the decoration markers.

However, these special characters could be filtered out easily with rule-based filtering in the next stages,
and it won’t be a problem for our extraction.

6.7 CONCLUSION AND LIMITATIONS

Based on the quantitative metrics, the optimal configurations are either image-only or image+text inputs
combined with models from the Gemini 3 family. Further qualitative analysis shows that image-only
inputs can be unstable in certain cases, while the addition of textual input helps correct ambiguities and
improves robustness.

When comparing Gemini 3 Pro Preview and Gemini 3 Flash, the performance gap is minimal, with an
average difference of about 0.01 in WER. Across different subsets of files, both models yield highly
comparable results. As such, the choice between the two should primarily depend on budget constraints
and processing-time requirements: when resources allow, Gemini 3 Pro Preview is preferable; otherwise,
Gemini 3 Flash remains a strong and reliable alternative. For the final extraction of the selected dataset
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FIGURE 6.5
related part in 1893-0061

comprising 4,166 pages, we adopted Gemini 3 Pro Preview with an Image+Text (original OCR)
input configuration. Section 7 presents an initial analysis of the extracted female physicians.

Several limitations should be noted. Global metrics tend to obscure more fine-grained behaviors, while
qualitative analyses are inherently case-based and cannot exhaustively cover all error patterns within a
limited analysis time. Moreover, the benchmark itself is not always error-free (e.g., the “phu” case in
Table 6.3, Example 2), despite our efforts to verify and clean the reference data.
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FEMALE DOCTORS

7.1 EXTRACTION QUALITY ANALYSIS

7.1.1 MANUALLY CREATE A PAGE OF FEMALE DOCTORS

Our final target is to extract female doctors from Rosenwald Guide. However, female doctors are sparsely
distributed in the book, making it hard to evaluate the extraction accuracy and analyse the extraction
quality on our core assets, female doctors.

In order to make the evaluation on female doctors possible, we searched the original-ocr text throughout
our target years (1887-1906), find the doctor names suffix containing "Mme" or "Mlle" (3 entries per year,
60 in total) and put them into one page, as is shown in Figure 7.1. We can measure the extraction quality
on this page to be aware of the extraction pipeline performance on our most valuable targets.

However, this manually created page also has its limitations. In reality, the female doctors are sparsely
distributed, making it different from our concentrated page. In addition, here we only focus on the
doctors with "Mlle" and "Mme" suffix, while in the dataset, the doctors’ first name could also indicate if it
indicates a female doctor. Finally, in our production scenario, we use the original OCR result to aid the
image, while in our test here, we use tesseract OCR on our manually created page.
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FIGURE 7.1
Manually Created Page of Female Doctors

36



CHAPTER 7 – FEMALE DOCTORS

7.1.2 QUANTITATIVE ANALYSIS

Table 7.1 reports the extraction results across different models and input settings. Overall, the Gemini 3
model family exhibits substantially lower error rates than the GPT-5 series. However, two observations
appear counterintuitive with respect to our production configuration (Gemini 3 Pro with Image+Text input).
First, Gemini 3 Flash achieves slightly lower error rates than Gemini 3 Pro. Second, the Image+Text
setting combined with Tesseract yields higher error rates than the Image-only input. Although these
differences are relatively small, a qualitative inspection of the error cases remains necessary. Given the
limited number of female doctors in the corpus, even minor extraction errors may have a disproportionate
impact on the final analysis.

TABLE 7.1
Word Error Rate (WER) and Character Error Rate (CER) by input source and model

Source Model WER CER

Image

Gemini-3 Flash (preview) 0.0296 0.0152
Gemini-3 Pro (preview) 0.0385 0.0205
GPT-5 Mini (2025-08-07) 0.1627 0.1371
GPT-5.2 (2025-12-11) 0.2544 0.2325

Image + Text Tesseract

Gemini-3 Flash (preview) 0.0340 0.0231
Gemini-3 Pro (preview) 0.0429 0.0258
GPT-5 Mini (2025-08-07) 0.2988 0.2708
GPT-5.2 (2025-12-11) 0.2559 0.2328

Tesseract

Gemini-3 Flash (preview) 0.7589 0.6387
Gemini-3 Pro (preview) 0.7825 0.6407
GPT-5 Mini (2025-08-07) 0.8077 0.6688
GPT-5.2 (2025-12-11) 0.7766 0.6493

7.1.3 ERROR CASE STUDY

After ignoring mismatches that are purely due to control characters (e.g., *), Table 7.2 summarizes the
remaining error cases produced by the Image+Text Gemini 3 Pro configuration. Importantly, none of the
observed errors affects gender identification.

In Examples 2, 4, 5, and 7, the output differs from the reference by a single character, typically involving
ambiguous glyphs that are difficult to distinguish reliably. In Example 1, the model produces the
grammatically correct form bienfaisance, whereas the reference contains bienfaifaisance, which likely
reflects a spelling error in the original record. Example 3 includes an additional field (a telephone number):
although this information was not requested, it is extracted correctly and does not interfere with the target
fields. Example 6 contains two addresses, which exceeds our predefined schema; the model only omits
one title (Clin) associated with an address while correctly extracting the remaining information, though in
a slightly different order than the reference.

Overall, these errors have no substantive impact on gender recognition. They mainly consist of minor
character-level confusions on unclear glyphs and occasional overflow when the record contains information
outside the predefined paradigm. We therefore conclude that our extraction pipeline (Image+Text with
Gemini 3 Pro Preview) provides reliable performance for female doctor information extraction.
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TABLE 7.2
Character-level differences between the reference line and the Image+Text Gemini 3 Pro output

(differences highlighted in red).

ID Text (Reference on top; Model output below)

1 Ref: litauer mlle louise 1892 bienfaifaisance 34 l mer v 2 à 4

Gemini: litauer mlle louise 1892 bienfaisance 34 l mer v 2 à 4

2 Ref: hœltzel mlle 1893 boul de courcelles 87 2 à 3

Gemini: hoeltzel mlle 1893 boul de courcelles 87 2 à 3

3 Ref: landais mlle 1892 larribe 3 mar merc vend 1 à 4

Gemini: landais mlle 1892 larrabe 3 mar merc vend 1 à 4 téléphone 59119

4 Ref: leder mme c 1893 miromesnil 37 lun mer ven 1 à 3

Gemini: léder mme c 1893 miromesnil 37 lun mer ven 1 à 3

5 Ref: chrzanowska mlle de 1897 anc ext des hôp accouch mal des femmes et
des enfants moncey 18 1 à 3

Gemini: chrzanowska mlle de 1897 anc ext des hôp accouch mal des femmes et
des enfants moucey 18 1 à 3

6 Ref: bonsignorio mlle oculiste clin boul stgermain 61 clin av de
châtillon 4 m j s 10 à midi

Gemini: bonsignorio mlle oculiste boul stgermain 61 m j s 10 à midi clin
av de châtillon 4

7 Ref: petit mme 1899 damremont 62 1 à 3

Gemini: petit mme 1899 damrémont 62 1 à 3
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7.2 FEMALE DOCTORS QUANTITY AND DISTRIBUTION

First we analyse the count of Mme and Mlle throughout the pages, as is shown in Figure 7.2. We can
see 3420 out of 4166 files (over 82%) have no Mme or Mlle at all. The file count decreases nearly
exponentially if we increase the total count of Mme and Mlle, illustrating a long tail distribution. This
distribution over count of Mme and Mlle shows that the female doctors are sparsely distributed throughout
the pages.
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FIGURE 7.2
Distribution of File Count Over the Total Count of Mme and Mlle

Figure 7.3 shows the count of Mme and Mlle for each page. X axis is sorted by the year and page, in
ascending order. For the first page of each year, we add the year label on x axis. We can see that as the
years goes more recent, there are more files that have non zero Mme and Mlle count, and the peak value
also has an increasing trend. It could be explained as more female doctors are noted in Rosenwald Guide
in the later years.
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FIGURE 7.3
Count of Mme and Mlle for each page

Another interesting phenomenon is that the count of Mme and Mlle has a periodic appearance, especially
after 1898. The count would quickly come to a peak and then drop. In order to look further into this
pattern, we have Figure 7.4, showing the Count of Mme and Mlle, sorted descendingly by total Mme and
Mlle count.

In the top five peaks, all pages come from the 1902–1906 volumes, and their page numbers cluster within
a narrow range (129, 139, 152, 159, 169). Upon inspection, we found that these pages correspond to the
opening page of the section “LISTE ALPHABÉTIQUE DES OFFICIERS DE SANTÉ, CHIRURGIENS-
DENTISTES DIPLÔMÉS ET DENTISTES, OFFICIERS DE SANTÉ, PARIS.” Table 7.3 presents the female
doctors listed on page 139 in the 1902 volume. We then counted how often each name appears across
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FIGURE 7.4
Counts of Mme and Mlle in each file with total count >= 5

these five pages: 12 of the 14 names occur four or five times, indicating that the top-five peaks in the
total counts of Mme and Mlle are largely driven by the same set of female doctors. These high-frequency
entries therefore provide valuable longitudinal samples for analyzing how individual records change over
time.

Nom #Appearance Année Notes Adresse Horaires Sexe

Danel (Mlle) 5 1876 ⋆ I av. d’Orléans 110 Mar. Ven. 1 à 3 Mlle
Durand (Mme) 3 1898 Bd Vaugirard, 4 Mme
Acher (Mme) 5 1895 Monge 73 Mme
Audy (Mlle) 5 1894 Hauteville 43 Mlle
Baudet (M. et Mme) 4 1901 Richelieu 28 bis Mme
Baume (Mlle) 2 1900 Douai 25 Mlle
Bernard (Mme) 5 1896 Arcole 17 Mme
Bertrand (M. et Mme) 5 Miromesnil 29 Mme
Bidel (Mme) 5 1901 boul. Reuilly 16 Mme
Malesky (Mlle) 5 1885 Poulletier, 5 1 à 3 Mlle
Bouret (Mlle) 5 1896 Fidélité 11 Mlle
Burau (Mlle) 5 1895 a. Wagram 32 Mlle
Chaillot (Mme) 4 Baudin 8 Mme
Chauvin (M. et Mme) 4 Châteaudun 51 Mme

TABLE 7.3
1902 page 139 female doctors (nom, #appearance, année, notes, adresse, horaires, sexe).
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FIGURE 7.5
1902 Page 139
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7.3 LIMITATION

In the brief analysis of this part, we only recognize female doctors by the most significant label "Mme"
and "Mlle", while they could also be identified by other information, for example, the first name, if any.
However, we do not have enough time to conduct further anlaysis in this work, and it remains a valuable
direction for future work.
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CONCLUSION

This report explored a practical workflow for turning scanned pages of the Rosenwald Guides into
structured data, motivated by the MEDIF project’s interest in making women doctors more visible in
historical sources. Working with a pilot corpus (20 editions, 1887–1906; 4,116 pages), we focused on
two main needs: creating reliable gold labels under limited resources, and assessing how well current
OCR/MLLM-based extraction can support structured transcription.

We proposed the Double Triangle workflow, where two independent multimodal systems produce initial
structured outputs, high-agreement cases are accepted with minimal intervention, and disagreements are
routed to human review. Using this setup, we constructed a benchmark of 60 columns. Agreement on the
benchmarked cases exceeds 85%, and in the final review stage 991 fields were corrected out of 13,595
total fields (7.2%). These numbers suggest that cross-model agreement can reduce the amount of human
correction needed, although agreement does not guarantee correctness when errors are correlated.

In the extraction experiments, we compared several approaches and input modalities. Overall, the results
support using image-based inputs (image-only or image+text) when OCR noise is substantial, while
qualitative inspection also indicates that both modalities have characteristic failure modes (e.g., decorative
symbols, OCR artifacts, and anchoring effects). Simple preprocessing, such as removing advertisements
and splitting pages into columns, consistently improves OCR quality and is therefore a useful low-cost
step.

We also conducted initial analysis on the extracted female doctors. However, due to time constraint, we
only recognize the female doctors by "Mme" and "Mlle" in their name field, while their first name, if any,
could also be used to infer the gender.

There are important limitations. Aggregate metrics can hide field-specific behavior, the benchmark may
contain residual errors, and the pilot years do not capture the full variation across later volumes. Future
work could focus on field-level evaluation, lightweight validation rules, improved procedures to reduce
correlated errors, and scaling the pipeline to additional years in the 1887–1940 collection.

We have put all the code and extracted data on GitHub

• Double Triangular Annotation Framework: https://github.com/nmrenyi/double-t
riangle-annotation

• Extraction Pipeline: https://github.com/nmrenyi/extraire-tesseract-opena
i

• Rosenwald Benchmark (created with Double Triangular Annotation Framework): https://gi
thub.com/nmrenyi/rosenwald-benchmark
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• Rosenwald Guide Extraction Result (created with Extraction Pipeline): https://github.com
/nmrenyi/rosenwald-extraction
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