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RESUME
Les modeles de langues médicaux requierent de grands corpus annotés, rares en francais et soumis a
des restrictions en matiere de confidentialité. Nous présentons un pipeline préservant la confiden-
tialité qui produit un LLLM médical francais déployable sans utiliser de textes de patients pendant
I’entrainement. A partir d’une correspondance établie entre les codes diagnostics CIM-10 et les
mots-clés médicaux, un LLM médical génere des rapports synthétiques associés aux codes, formant
ainsi un jeu de données de base exempt de dossiers cliniques réels. Ce jeu de données permet
d’entrainer un modele local plus petit, ensuite affiné de maniere itérative au sein de 1’hdpital sans
qu’aucune donnée confidentielle ne quitte 1’établissement. Pour évaluer 1’utilité clinique de cette
méthodologie, nous entrainons des classificateurs CIM-10 exclusivement sur les rapports synthétiques
produits a chaque étape de raffinement. L’amélioration de la qualité de génération se traduit par de
meilleures performances sur des données réelles, traduisant une pertinence médicale accrue. Ces
résultats montrent que des connaissances structurées et un retour d’information sécurisé permettent le
transfert de compétence clinique a un LLM francais 1éger tout en produisant un ensemble de données
synthétiques partageables bienvenues pour un NLP médical manquant de ressources.

MOTS-CLES : Génération de données synthétiques, Codage CIM-10, NLP médical, Apprentissage
par renforcement, Confidentialité des données, Rapports de sortie.

KEYWORDS: Synthetic Data Generation, ICD-10 Coding, Clinical NLP, Reinforcement Learning,
Data Privacy, Discharge Summaries.

1 Introduction

Electronic Health Records contain detailed clinical narratives describing patient conditions, medical
reasoning, and care decisions. These documents are essential for billing, epidemiology, and clinical
decision support (Rosenbloom et al., 2011), yet their free-text structure complicates automated
analysis. In particular, assigning ICD-10 codes from narrative reports remains a central but labor-
intensive task in hospital workflows (Stanfill et al., 2010).

The International Classification of Diseases, Tenth Revision (ICD-10), is a standardized diagnostic
taxonomy maintained by the World Health Organization (Organization, 2004). It provides a hierar-
chical coding system used worldwide for disease reporting, reimbursement, and statistical analysis.
Each clinical encounter may be associated with multiple ICD-10 codes, reflecting comorbidities
and diagnostic complexity, making the coding process inherently multi-label and often ambiguous.
Table 1 presents some representative [CD-10 categories together with illustrative clinical keywords
associated with each code.
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ICD-10 Code Diagnosis Example Keywords

121 Acute myocardial infarction chest pain, troponin, ST elevation
J18 Pneumonia, unspecified organism  fever, cough, pulmonary infiltrate
Ell Type 2 diabetes mellitus hyperglycemia, insulin therapy
K35 Acute appendicitis CRP elevation , ultrasound

C50 Malignant neoplasm of breast breast mass, biopsy, chemotherapy

Table 1: Illustrative examples of ICD-10 codes and associated clinical terminology.

Recent progress in large language models has significantly improved clinical text understanding
and generation (Agrawal et al., 2022; Singhal et al., 2023). However, directly deploying large
proprietary models in healthcare environments raises several practical barriers. First, patient data
cannot be transmitted outside secure infrastructures. Second, institutional practices vary, requiring
locally adapted models. Third, many hospitals lack the computational resources needed to operate
multi-billion-parameter systems in production settings.

Synthetic data generation has emerged as a promising strategy to mitigate data scarcity while
preserving confidentiality (Melamud & Shivade, 2019). Previous approaches generate clinical
narratives guided by keywords and iteratively refine them through preference-based alignment (Meoni
et al.,2024). While effective, these methods still rely on real anonymized reports to bootstrap training
and primarily aim at improving generation quality.

In this work, our objective is not to replace clinical coding systems or assist physicians in drafting
reports, but to generate privacy-preserving synthetic clinical datasets that can be used to train
downstream medical NLP models. We focus specifically on whether synthetic reports can transfer
diagnostically meaningful information to models trained without access to real patient text.

To achieve this, we transfer clinical knowledge from a powerful multilingual medical language model
into a compact deployable generator while avoiding the need to construct or curate a shareable
corpus of anonymized clinical records. Although real clinical documents are accessed within the
secure hospital environment, they are never exposed or directly used for model training. Instead,
generation begins from structured medical knowledge. We construct prompts from ICD-10-associated
keywords and use a large medical language model to synthesize clinical reports paired with diagnostic
codes. These automatically generated report—code pairs form a privacy-safe seed dataset used to
instruction-tune a compact local model.

To bridge the remaining domain gap between synthetic and real hospital narratives, we introduce a
privacy-bounded refinement stage. The compact model generates candidate reports locally, which
are compared against private clinical documents entirely inside the hospital infrastructure. Only
aggregate scalar preference signals are exported, enabling iterative preference optimization without
exposing patient text or embeddings.

In summary, this work introduces a privacy-preserving approach for building a French clinical
language model from structured medical knowledge rather than patient records. Our contributions
are:

* Knowledge-driven synthetic corpus creation: we generate report—ICD-10 pairs from a
curated keyword collection, avoiding the use of clinical text.
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* Distillation into a lightweight model: the synthetic corpus enables training of a compact
generator that can be deployed on standard hospital hardware.

» Secure iterative refinement: model outputs are compared with private clinical data inside the
hospital environment, and only numerical feedback is returned, ensuring no data leakage.

* Downstream clinical validation: ICD-10 classifiers trained solely on synthetic reports show
increasing accuracy on real data as the generator improves.

* Resources for French medical NLP: we release the trained model and a large synthetic dataset
to support research in an under-resourced clinical language.

2 Related Work

Synthetic Data Generation. The generation of synthetic clinical text has emerged as a practical
approach to mitigate data access restrictions and privacy constraints in medical NLP. Recent work
explores the use of large language models (LLMs) to produce artificial clinical corpora suitable for
downstream supervision. For instance, Kweon et al. (2024) generate synthetic clinical notes using
online LL.Ms to enable public model development without exposing sensitive patient information.
In parallel, Xie et al. (2024) propose AUG-PE, a framework for differentially private synthetic text
generation built on top of foundation model APIs, explicitly incorporating formal privacy guarantees
into the generation pipeline.

Beyond straightforward data augmentation, alternative strategies focus on structured generation
processes. Li et al. (2024) introduce Generalized Instruction Tuning (GLAN), which constructs
large-scale instruction datasets from a curated taxonomy of human capabilities rather than relying
exclusively on pre-existing corpora. This taxonomy-driven perspective highlights the role of structured
knowledge in guiding synthetic data creation. In the clinical setting, synthetic datasets have also
been developed to model domain-specific phenomena under controlled conditions. Li et al. (2023a)
generate Alzheimer’s-related synthetic datasets grounded in expert-defined taxonomies to capture
clinically meaningful symptom structures. For information extraction tasks, Hiebel er al. (2023) and
Xie et al. (2024) examine the effectiveness of synthetic clinical corpora for named entity recognition
(NER), evaluating performance trade-offs between artificial and authentic electronic health record
data.

Self-Training and Preference Optimization. A complementary research direction investigates
self-training and alignment techniques that leverage model-generated supervision. Reinforced Self-
Training (ReST) (Gulcehre et al., 2023) formulates self-alignment as an offline reinforcement learning
procedure, iteratively improving a policy using trajectories sampled from the model itself. Instruction
back-translation (Li et al., 2023b) scales supervision by automatically generating instruction—response
pairs from limited seed annotations combined with large web corpora.

More recent work employ language models as evaluators to produce reward signals for optimization.
Yuan et al. (2024) propose self-rewarding language models in which an LLM generates both outputs
and associated reward signals through structured prompting. Reinforcement Learning from Al
Feedback (RLAIF) (Lee et al., 2024) similarly replaces human preference annotations with model-
generated preference labels, demonstrating competitive performance relative to traditional RLHF
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pipelines. Direct Preference Optimization (DPO) (Rafailov et al., 2023) further simplifies preference-
based alignment by directly optimizing over ranked output pairs, eliminating the need for an explicit
reward model while retaining the advantages of preference learning.

3 Methodology

Our objective is to develop a lightweight French clinical report generator without requiring the
collection or anonymization of clinical documents for training. Instead of constructing a privacy-free
corpus, we rely on synthetic data generation and secure in-hospital evaluation to transfer clinical
knowledge while maintaining strict privacy guarantees. Real patient reports are never used as
training data and never leave the secure environment. The pipeline comprises four sequential stages:
medically-driven keyword prompting, supervised instruction tuning of a compact model, iterative
refinement using privacy-bounded scoring, and downstream validation through ICD-10 classification.
An example of a synthetic medical report generated at the end of this pipeline is provided in Box 3.

Medically-driven keyword prompting. We construct prompts from a curated database Djcp
linking ICD-10 codes ¢ € C to medically grounded French keywords describing symptoms, anatomy,
treatments, and procedures. The database contains only privacy-safe terminology derived from public
medical knowledge bases. Codes are sampled according to empirical hospital frequency distributions
p(c), after which a constrained subset of associated keywords K. C K(c) with |K.| < Kpax i8
selected to maintain instruction adherence.

A large medical language model generates clinical reports in French following a fixed narrative
structure comprising eight sections: Motif d’hospitalisation, Antécédents, Mode de vie, Histoire de
la maladie, Examen clinique, Examens complémentaires, Evolution pendant I’hospitalisation, and
Conclusion. The model must incorporate all keywords in K. while maintaining medical coherence.

This produces a seed dataset Dgeeq = {(74, €, K, )}fis'ied where each sample consists of a synthetic

report r;, a set of ICD-10 codes ¢; = {cgl), e cgmi)} C C (with m; the number of codes for sample
1), and the set of keywords K, comprising all keywords associated with any code in c;. This corpus

Dseed 1s entirely independent of real patient records and used to initiate a generator model M.

Supervised instruction tuning of a compact generator. We train a deployment-efficient generator
by instruction-tuning a base model on Dgeeq (Wei ef al., 2021). During training, the model receives
simplified prompts conditioned on the same keyword sets K., for each sample, reducing context-
window consumption. The base model initially produces inconsistent and non-medical French text.
Instruction tuning transfers domain vocabulary and document conventions from the standardized
synthetic reports, yielding an initial generator M, that maps keyword prompts to structured medical
reports in French.

Iterative refinement with privacy-bounded scoring. Following supervised fine-tuning, we itera-
tively improve the generator using feedback derived from private hospital reports /R ;,. The critical
constraint is that no private document content ever crosses the privacy boundary: raw reports remain
strictly local, and only privacy-bounded aggregate signals are exposed to the training loop.
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Within the hospital infrastructure, medical keywords are extracted from each private reference report
Tref € Ropriv using QuickUMLS (Soldaini & Goharian, 2016), producing a collection of privacy-safe
prompt pairs Koy = {(7ref, K)}. For each pair (7rer, K) € Kpry, the current generator model M,
produces N candidate reports {ry,...,rn} ~ M;(- | K).

Each candidate r; is evaluated against its corresponding private reference report 7. using a composite
score s; computed entirely within the secure boundary. The total score is defined as the average
of two components: a cosine similarity score derived from embedding representations (Reimers &
Gurevych, 2019) and a utility score from an LLLM-as-a-judge (Zheng et al., 2023) rating the medical
correctness and content alignment of the generated candidate with the reference report.

Preference pairs (r*, ) are constructed by selecting the highest-scoring candidate as ™ and a
lower-scoring candidate as . The generator is updated using Direct Preference Optimization (DPO)
(Rafailov et al., 2023), yielding M, ;. This procedure of generating candidates, scoring them against
private references, and applying DPO is repeated for 7" iterations, producing a sequence of refined
generator models. In our experiments, we set 7' = 3. Algorithm 1 formalizes the complete procedure.

Algorithm 1 Complete Iterative Privacy-Aware Refinement Pipeline

Require: ICD-10 keyword database Dicp, large generator Giyrge, base generator G, private
hospital reports Ry, max keywords Ky, ax, seed size Ngeeq, iterations T', candidates per prompt
N, code distribution p, keyword mapping

Ensure: Refined generator Mp

1: Step 1: Seed synthesis with Giarge

Dseed — (Z)

: for i = 1 t0 Nggeq do
Sample code set ¢; C C from p(c)
Ke, + {K.~UK(c)) | c € ciy |[Ke| < Kax}
P; <~ MAKEPROMPT(c;, K¢, ); i ~ Garee (- | ;)
Dseed < Dseed U {(Ti7 Ci, Kcz)}

end for

Step 2: Supervised fine-tuning for initial generator model 1/

MO — SFT(Gbase7 Dseed)

: Step 3: Private prompt extraction

: Koriv <= {(7ref, EXTRACTKEYWORDS (7ref) ) : Tref € Rpriv } > computed in-hospital

. Step 4: Iterative refinement of )/,

cfort=0to7T — 1do

P10

for each (7rer, K) € Kpriy do
Generate r1,...,7y ~ M(- | K) > computed in-hospital
Score s; — SCORE(7, Tref) > computed in-hospital
Tt 4= Targmax; s;3 T < sample from {r; : s; < max; s;}
P+ PU{(K,r",r7)}

end for

Mt_|_1 — DPO(Mt, P)

. end for

. return Mt
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Downstream ICD-10 classification validation. We assess clinical utility through extrinsic eval-
uation on a downstream diagnostic coding task. For each refinement stage ¢t € {0,...,T}, we
sample keyword sets from K(c) and use generator M; to produce reports, yielding a synthetic dataset
S¢ = {(r,c)}. A multi-label ICD-10 classifier C; is trained exclusively on S; and evaluated on held-
out real hospital documents R . Improvements in classification metrics across stages indicate that
synthetic reports increasingly encode diagnostically relevant information and that preference-based
alignment improves clinically meaningful content.

Motif d’hospitalisation: Mme Dupont, 68 ans, est admise en
hospitalisation de Jjour le 15/03/2024 pour traitement d’une
angiodermite nécrotique extensive surinfectée. Cette lésion cutanée
chronique, initialement diagnostiquée il y a plusieurs années, s’est
aggravée de maniére significative, nécessitant une prise en charge
intensive et une surveillance rapprochée.

Histoire de la maladie: L’angiodermite nécrotique initiale de Mme
Dupont a connu des épisodes récurrents et des aggravations
progressives au fil des ans. Depuis environ 6 mois, une lésion
cutanée extensive, initialement localisée au niveau des membres
inférieurs, s’est étendue progressivement et s’est caractérisée par
une nécrose cutanée et une infection bactérienne sévere. La lésion
est devenue treés douloureuse, avec des signes d’inflammation marquée
(érythéme, chaleur, edéme) et une ulcération profonde. La patiente a
consulté son dermatologue qui a initié un traitement antibiotique
(Ceftriaxone) et une antibiothérapie topique, mais 1’aggravation
persiste. Face a 1l’aggravation clinique et 1’extension de la lésion,
une hospitalisation a été jugée nécessaire pour une prise en charge
multidisciplinaire et un traitement intensifié.

le reste du compte rendu

Mots—-clés: Angiodermite nécrotique extensive surinfectée, personne
vivant seule a son domicile.

4 Experiments

4.1 Experimental Setup

We first construct the keyword—code collection Dicp, a curated database linking ICD-10 diagnostic
categories to medically grounded French keywords describing symptoms, anatomy, treatments,
examinations, and procedures. The content of Dicp is compiled from internal hospital resources
together with publicly available medical documentation and terminology sources.

The seed corpus Dgeeq With size Ngeeq = 20 000 is generated using medgemma—27b-1it (Sellergren
etal.,2025), a large multilingual medical language model optimized for clinical text understanding and
reasoning. MedGemma has been trained on diverse medical data, including clinical narratives, medical
question—answer pairs, and structured health record information. The 27B text-only instruction-tuned
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variant is specifically designed for high-quality medical text generation and inference-time reasoning,
making it well suited for synthesizing clinically coherent reports in French.

The initial base generator is Qwen3—-4B-Instruct (Yang ef al., 2025). It is fine-tuned on the seed
corpus using LoRA (Hu et al., 2022) with rank r = 32 and scaling factor o = 64, applied to all
attention projection layers (query, key, value, and output). Training runs for up to 10 epochs with
an effective batch size 8. We use bfloat16 mixed precision with a maximum sequence length of 512
tokens, AdamW optimizer (Loshchilov & Hutter, 2017), a learning rate of 1 x 10~° with cosine
scheduling and 10% warmup, and early stopping based on validation cross-entropy loss.

During each refinement iteration, candidate reports are generated to construct preference pairs. For
each keyword prompt, we generate N = 4 candidates using a mixed temperature strategy: one
sample with fixed temperature 7 = 0.2 to favor high-likelihood coherent outputs, and three samples
with temperatures independently drawn from a uniform distribution, 7 ~ ¢/(0.6, 0.9), to encourage
diversity. This setup provides contrast between reliable and varied generations, strengthening the
alignment signal. Each candidate’s score is computed as the average of two components: the
cosine similarity obtained from BioLORD-2023-M embeddings (Remy ef al., 2024) and a medical
correctness and content alignment score produced by Qwen3-30B-A3B-Instruct-2507 acting
as an LLM-as-a-judge.

While the refinement framework is designed to operate on private clinical documents Ry, in
this study Ry consists of fictive reports written by practicing physicians across multiple hospital
departments and medical specialties. This ensures clinically realistic content while making the
methodology fully reproducible and sharable, and eliminates any risk of privacy leakage due to
anonymization or implementation errors.

Preference optimization is then performed for up to 10 epochs with AdamW optimizer and learning
rate 5 X 10~° using the same LoRA configuration (r = 32, o = 64). Training uses bfloat16 precision
with per-device batch size 8 and gradient accumulation over 4 steps, and the maximum sequence
length is increased to 3000 tokens to accommodate the reports in their entirety. The best checkpoint
is selected according to evaluation loss.

We evaluate the proposed synthetic data generation pipeline through a downstream ICD-10 multi-label
multi-class classification task, assessing whether iterative preference-based refinement improves the
clinical utility of generated reports.

For classification, we fine-tune ModernBERT—-1arge (Warner et al., 2025), a modernized bidirec-
tional encoder-only Transformer containing 395 million parameters and designed for long documents.
Training uses a peak learning rate of 1e—4 with cosine learning-rate scheduling and early stopping
based on validation macro-F1.

Synthetic training sets are generated at three scales: 10,000, 20,000, and 50,000 samples. At each
scale, datasets are produced across four refinement stages: the initial supervised fine-tuned generator
(Step 0) followed by three successive preference optimization iterations (DPO1, DPO2, DPO3).
Classification targets are defined by the top-k most frequent ICD-10 codes, using only the initial letter
and two digits that specify the core diagnostic category, with k£ € 20, 50, 100.

Increasing k results in progressively more challenging classification settings: the label space expands
to include rarer diagnoses, reducing the number of training examples per class and amplifying label
imbalance. Because ICD-10 codes are sampled from a fixed distribution at generation time across all
refinement stages, per-code frequencies scale linearly with dataset size. In the 10k setting, this yields
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Figure 1: Mean training samples per ICD-10 code across top-k subsets for the DPO3 10k synthetic
dataset.

approximately 350 samples per code for top-20 but only about 150 for top-100. Larger datasets (20k
and 50k) increase these counts proportionally, while preserving the relative imbalance induced by
higher k values. Concurrently, the average number of codes per document increases with k£ due to
filtering: documents in the top-20 split contain 1.52 4 0.82 codes on average, rising to 2.10 £ 1.14
for top-100 (from 3.37 £ 1.36 in the full unfiltered corpus). Across refinement stages, the average
report length is approximately 800 4= 240 words. Figure 1 illustrates the samples-per-code distribution
across the three top-k configurations..

Evaluation uses macro-averaged F1 scores computed on a strictly held-out private test set of real
clinical reports annotated by experts. The test set is fully disjoint from all data used in the previously
described pipeline including supervised training, validation, preference construction, scoring, and any
synthetic or fictive reports. This ensures that performance gains reflect genuine transfer to authentic
clinical documents rather than adaptation to artifacts of the training or refinement process.

4.2 Results

Table 2 reports classification performance across dataset sizes and refinement stages.

As a reference, a simple rule-based baseline using QuickUMLS (Soldaini & Goharian, 2016) obtains
macro-F1 scores of 0.0151, 0.0091, and 0.0103 for the top-20, top-50, and top-100 label settings,
respectively. The baseline operates through fuzzy matching between report text and our curated
ICD-10 keyword collection: whenever one or more keywords associated with a diagnostic code are
detected in a document, the corresponding ICD-10 code is assigned as a prediction.

Three patterns are immediately evident. First, iterative refinement consistently improves downstream
performance. Across all settings, DPO iterations outperform the initial supervised model, with the
largest gains observed after the full refinement cycle. This confirms that preference-based alignment
enhances the clinical usefulness of the generated reports rather than merely improving surface quality.

Second, the benefit of refinement increases with task difficulty. For top-20 classification, improve-
ments remain modest (2-7%), reflecting the relative ease of predicting frequent diagnoses. In contrast,
top-100 classification shows substantial gains (36—46%), indicating that refinement is particularly ef-
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Size Top-k Step0 DPO1 DPO2 DPO3 | Gain

20 0.389 0422 0422 0418 +7.4%
10k 50 0250 0294 0302 0317 | +26.9%
100 0.175  0.197 0202  0.238 | +36.5%
20 0438 0.457 0448  0.447 +2.1%
20k 50 0299 0326 0334 0347 | +16.2%
100 0.195 0.230 0.210 0.285 | +45.8%
20 0.445 0461 0461  0.455 +2.3%
50k 50 0.326 0351 0385 0.383 | +17.6%
100 0.230  0.268 0300 0316 | +37.2%

Table 2: ICD-10 classification macro F1 scores across refinement iterations and dataset sizes. Best
score per row in bold. Gain indicates relative improvement of DPO3 over Step 0.

fective for rare and underrepresented codes. This suggests that alignment improves the discriminative
content of synthetic reports, especially for long-tail conditions where label sparsity is most severe.

Third, dataset size primarily affects absolute performance rather than relative gains. Larger synthetic
corpora yield higher F1 scores at every stage, confirming that data volume alone contributes to
classification quality. However, refinement remains beneficial even at 50k samples, particularly for
top-100 codes, demonstrating that generation quality and alignment are not fully substituted by scale.

Performance trends across refinement steps further support this interpretation. For easier tasks,
improvements plateau after one or two iterations, whereas harder tasks continue to benefit from
later refinement. This indicates diminishing returns for frequent codes but sustained gains for rare
diagnoses.

We do not compare against fully supervised training on real clinical reports because the available
private dataset is relatively small and highly imbalanced across ICD-10 categories, particularly for
rare diagnoses. Under these conditions, performance estimates from real-only training would be
unstable and difficult to generalize. Instead, our objective is to evaluate whether large-scale synthetic
supervision can provide diagnostically meaningful signals that transfer to real clinical documents
despite limited access to annotated hospital data.

Overall, the results show that synthetic data generation, when combined with secure preference
alignment, can effectively support ICD-10 multi-label classification. While absolute performance
remains dependent on dataset size and label distribution, the consistent improvements on held-out
real clinical documents demonstrate that privacy-preserving synthetic pipelines can produce training
data that transfers meaningfully to real-world diagnostic coding.

5 Conclusion

We presented a privacy-aware framework for training a French clinical language model without con-
structing or anonymizing patient corpora. By combining large-model synthetic generation with secure
in-hospital alignment, the approach transfers medical knowledge into a compact, deployable generator
while preserving strict data confidentiality. Evaluation on ICD-10 multi-label classification shows that
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iterative refinement improves downstream performance, particularly for rare and underrepresented
codes, demonstrating that aligned synthetic data can encode clinically meaningful information beyond
surface fluency.

Several limitations suggest directions for future work. Our evaluation is restricted to ICD-10 classifi-
cation, and extending validation to additional clinical NLP tasks would provide a broader assessment
of generalization. The refinement process currently uses a fixed number of iterations, and adaptive
stopping criteria could improve efficiency. The controlled generation of report—code pairs may also
enable reinforcement-based training of language models directly as diagnostic classifiers, leveraging
synthetic supervision to further bridge the gap between generation and coding.

Overall, the proposed framework shows that privacy-constrained synthetic data generation is a viable
strategy for developing clinical NLP systems in mid-resource settings. By decoupling model training
from direct access to patient text, it offers a practical pathway for advancing French clinical language
technologies where data sharing is limited.

To facilitate reproducibility, we release the synthetic datasets, models' and full codebase?.
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