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Abstract

We annotate PubMed Central paragraphs for
document type, domain, and educational qual-
ity using a two-stage pipeline: Llama-3.1-
70B labels 400K paragraphs, then a fine-tuned
XLM-RoBERTa propagates annotations to the
full corpus. This paragraph-level approach cap-
tures content diversity within scientific articles
that document-level labels miss. The resulting
Biomed-Enriched corpus contains 2M clinical
case paragraphs, providing a publicly available
alternative to restricted clinical datasets. For
decoders, continual pretraining experiments en-
able targeted improvements, with clinical up-
sampling boosting performance by 4 points
on MMLU ProfMed and educational filtering
improving MedQA and MedMCQA by ∼1
point. Combinations of these techniques led
to faster convergence, reaching the same per-
formance with a third of training tokens. For
encoders, our best recipe matches BioClinical-
ModernBERT on 11 tasks (77.3% vs. 77.1%
F1) while using 2.5× fewer tokens and only
public data.

1 Introduction

Large language models (LLMs) have demonstrated
remarkable capabilities across a wide range of gen-
eral tasks, from question answering to code gen-
eration. However, their performance often lags in
specialized domains such as biomedical and clini-
cal medicine, which demand domain expertise and
precise terminology. This performance gap can
be explained by the composition of standard pre-
training corpora, which predominantly consist of
web-scraped content from CommonCrawl. While
diverse, these datasets lack sufficient representa-
tion of specialized knowledge required for com-
plex biomedical reasoning. Although pre-training
datasets are often supplemented with high-quality
domain-specific corpora like PubMed, these cu-
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Figure 1: Motivation for paragraph-level filtering. Sci-
entific articles mix high-value content (clinical cases, re-
views) with boilerplate. Document-level filtering would
discard valuable paragraphs.

rated additions represent only a small fraction com-
pared to the vast amount of general web text (Li
et al., 2024). Available clinical text is particularly
scarce in public datasets, with hospital records and
clinical notes largely inaccessible due to strict pri-
vacy regulations. The situation is further compli-
cated for non-English biomedical content, with re-
sources like PMC containing over 98% English
articles. A central challenge in developing effec-
tive domain-specialized LLMs is therefore identi-
fying strategies for curating, filtering, and upsam-
pling domain-relevant documents to enhance per-
formance on specialized tasks without compromis-
ing general capabilities.

2 Related Work

To address the domain gap issue, researchers
have employed continual pre-training on large
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Figure 2: Distribution of educational quality scores by document type and domain. Reviews and studies show the
highest proportion of high scores, while clinical texts display more variance.

Single Mixed

Document Type 8.4% 91.6%
Domain 44.7% 55.3%

Educational Score (1–5 scale)

Mean Median
Intra-article std 0.68 0.70
Intra-article range 2.61 2.86

Table 1: Intra-document heterogeneity in 10K PMC
articles (378K paragraphs). 91.6% of articles contain
multiple document types. Educational scores vary by
2.6 points on average within articles, spanning more
than half the 1–5 scale.

biomedical corpora such as PubMed abstracts and
PMC Open Access full-text articles to enhance do-
main knowledge in LLMs. BioMistral (Labrak
et al., 2024), for instance, underwent continual pre-
training on 3 billion tokens from the PMC Open
Access Subset, while Meditron (Chen et al., 2023)
fine-tuned Llama-2 on 46 billion tokens compris-
ing PubMed abstracts, full papers, a general do-
main replay dataset, and clinical guidelines. Sim-
ilarly, PMCLlama (Wu et al., 2024) processed 75
billion tokens from PMC Open Access and medical
textbooks, achieving significant improvements on
biomedical benchmarks.

However, this process is compute-intensive for
a moderate increase in performance. Meditron-
70B (Chen et al., 2023) required 128 A100 GPUs
for 332 hours to achieve an average accuracy im-
provement of 1.8 percentage points on biomedical
benchmarks, while BioMistral-7B (Labrak et al.,
2024) used 32 A100 GPUs for 20 hours, resulting
in a 0.9-point performance decrease initially, but

Label Description

Document Type:
Clinical Case Report of symptoms, diagnosis, and

treatment of individual patients
Study Research with methods, results, and dis-

cussion
Review Summary of current knowledge on a

topic
Other Editorials, commentaries, policy

Domain:
Clinical Patient care, clinical trials, case reports
Biomedical Scientific aspects of medicine and biol-

ogy
Other Administrative, policy, general commu-

nications

Table 2: Annotation dimensions for document type and
domain. Educational quality uses a 1-5 scale from basic
(1) to outstanding pedagogical value (5).

a 2.9-point improvement when using ensembling
with different merging techniques with the original
model.

PMC Open Access contains significant diversity
and heterogeneity. Researchers typically employ
filtering and upsampling strategies to better control
training data composition. For instance, BioMistral
(Labrak et al., 2024) noted that 98.75% of PMC
Open Access articles are in English, leading them
to upsample non-English articles. Meditron (Chen
et al., 2023) focused on high-quality, clinically
relevant research by scoring articles (0–1) using
MeSH tags, publication type, journal reputation,
recency, and citation count. They filtered out low-
scoring content while increasing the representation
of higher-scoring articles. Notably, their ablation
(Section 7.2) shows this document-level scheme
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Figure 3: Two-stage annotation pipeline. Stage 1: Llama-3.1-70B annotates 0.33% of PMC paragraphs across four
dimensions. Stage 2: XLM-RoBERTa distills these annotations to label the full corpus, enabling flexible filtering
strategies.

underperforms unfiltered PMC, which we attribute
to the intra-document heterogeneity reported in Ta-
ble 1. Unlike web-scraped data where low-quality
sources justify discarding entire documents, scien-
tific articles are all potentially valuable. The real is-
sue is variance within articles: as shown in Table 1,
91.6% of PMC articles mix multiple document
types and educational scores vary by 2.6 points
on average within articles (on a 1–5 scale). Some
paragraphs contain excellent educational or clinical
content, while others add little domain knowledge
but remain difficult to predict, wasting compute
during training. Unlike boilerplate sections that
can be removed with simple heuristics, these low-
value paragraphs require semantic understanding
to identify.

More sophisticated filtering approaches have
emerged to enhance pre-training data quality.
While basic heuristic filtering using rules and per-
plexity scores from small language models trained
on Wikipedia showed improvements in language
modeling, LLM-based semantic quality filtering
has proven substantially more effective. FineWeb-
Edu (Penedo et al., 2024) demonstrated the effi-
cacy of model-based filtering by using Llama-3-
70B-Instruct to annotate 500K documents from
the FineWeb corpus based on educational value
on a scale of 1 to 5. They then trained a smaller
BERT-like model on these annotations and applied
it to the entire FineWeb corpus, filtering out sam-
ples with scores below 3. Despite removing 92%
of the initial dataset, this refined subset outper-
formed both the complete FineWeb corpus and
other open web datasets on knowledge-intensive
benchmarks like MMLU (Hendrycks et al., 2021),
ARC (Clark et al., 2018), and OpenBookQA (Mi-
haylov et al., 2018). This document-level filtering

is well-suited for web corpora where entire pages
from low-quality sources can be discarded, but is
less appropriate for scientific literature where arti-
cles should be kept while selectively filtering their
paragraphs.

WebOrganizer (Wettig et al., 2025) takes a com-
plementary approach by organizing web content
into structured taxonomies based on both topic and
format. Rather than focusing solely on quality
metrics, it unpacks monolithic web corpora into
well-defined categories by distilling annotations
from large language models into efficient classi-
fiers. This systematic organization enables more
refined data mixing strategies that improve model
performance on downstream tasks. Importantly,
their work demonstrates that domain-based orga-
nization provides valuable complementary bene-
fits to quality-based filtering methods, as the two
approaches can be combined to further enhance
performance.

3 Contributions

In our work, we develop a more refined approach
for biomedical dataset curation through Biomed-
Enriched, which applies LLM-driven annotation
at the paragraph level rather than at the document
level. Building on techniques from FineWeb-Edu
(Penedo et al., 2024) and WebOrganizer (Wettig
et al., 2025), we focus on biomedical content from
PMC Open Access, creating rich metadata about
paragraph type, domain, educational quality, and
language. Since scientific articles mix high-value
and low-value content within the same document,
we filter at the paragraph level: upsampling high-
value content (clinical cases, educational passages)
while filtering out low-information segments that
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Figure 4: Performance comparison across dataset variants showing training progression. BE-All achieves target
performance with approximately one-third of the training tokens required by BE-Base. The OLMo2-7B-stage1
horizontal line marks the starting checkpoint before continual pretraining; all BE variants receive 33.6B additional
tokens with identical hyperparameters.

are difficult to detect with simple heuristics but add
little domain knowledge during training. We use
a two-stage annotation process based on a smaller
follow-up model to efficiently process the entire
corpus. The detailed annotation allows us to extract
valuable subsets, particularly clinical case content,
offering a public alternative to data typically re-
stricted due to privacy concerns. Our experiments
show that this targeted data curation substantially
improves efficiency in biomedical pre-training, re-
sulting in faster convergence and enhanced perfor-
mance on domain-specific tasks.

Our contributions are:

• We release Biomed-Enriched: a paragraph-
level annotated PMC corpus with 2M clinical
case paragraphs extracted from published case
reports, offering publicly accessible clinical
case content without data use agreements. We
also release the annotation classifier and our
best encoder model.

• Our combined curation strategy (filtering +
upsampling) matches standard continual pre-
training using one-third of training tokens.

• We match BioClinical-ModernBERT on 11
clinical and biomedical tasks (77.3% vs 77.1%
F1) using 2.5× fewer tokens and only public
PubMed/PMC data.

4 Method

We present Biomed-Enriched, a biomedical text
dataset for enhanced biomedical training con-
structed through paragraph-level annotation and
filtering. Our approach addresses the limitations of

existing article-level filtering strategies by enabling
more granular selection of high-value content. This
is particularly relevant for clinical text which is
traditionally difficult to access due to privacy con-
straints.

4.1 Data Collection and Preprocessing

We extracted text from the PubMed Central (PMC)
Open Access Subset (National Library of Medicine,
2024), containing approximately 4.5 million full-
text scientific articles. This corpus, while valuable,
presents challenges including heterogeneous qual-
ity, predominance of English content (≈ 98%),
uneven representation of clinical cases, and vari-
able educational value. Using a custom pipeline,
we processed the raw XML files to extract arti-
cle content, segment articles into 133M individual
paragraphs, filter out non-textual elements, and re-
tain only paragraphs containing a minimum of 64
tokens.

4.2 Two-Stage Annotation Framework

We follow a two-stage annotation process on a sin-
gle 8×A100 node: 160 GPU-hours for the first
stage and 80 GPU-hours for the second.

Small scale annotation with a LLM First, we
used Llama-3.1-70B-Instruct (Touvron et al., 2024)
to annotate a diverse subset of 400,000 paragraphs
from the PMC Open Access (≈ 0.33%) corpus
across multiple dimensions: type classification, do-
main categorization, and educational quality (1-
5 scale). Language was identified separately us-
ing langdetect. The annotation dimensions are de-
scribed in Table 2.
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Dimension Agreement

Educational score r = 0.876, MAE = 0.326
Domain F1 = 0.954
Document type F1 = 0.925, κ = 0.821

Table 3: Distillation quality on held-out paragraphs.

Large scale annotation with a fine-tuned SLM
To scale annotation to the full corpus, we dis-
tilled the LLM annotations into a smaller XLM-
RoBERTa-base model (Conneau et al., 2020)
trained to jointly predict all annotation dimensions.
On 39,800 held-out paragraphs, the student closely
matches the Llama-3.1-70B labels (Table 3). It
is important to note that these annotations are not
gold-standard labels verified by medical experts,
but neural heuristics for data curation. Similar to
FineWeb-Edu (Penedo et al., 2024), they guide
which content to prioritize during pretraining.

4.3 Dataset Construction and Filtering

Using the distilled model, we annotated the full
corpus and constructed several dataset variants
through strategic filtering and upsampling. Upsam-
pling refers to duplicating articles in the training
corpus, proportionally increasing their sampling
probability.

BE-Base: The complete unmodified PMC Open
Access Subset serving as baseline.

BE-Educational: Preserves all articles but re-
moves paragraphs with educational quality scores
below 3.

BE-Clinical: Upsamples 10x articles with pre-
dominantly clinical domain content.

BE-ClinicalCase: Upsamples 10x articles con-
taining at least one clinical case paragraph.

BE-Prefix: Prefixes each paragraph with its pre-
dicted annotations to allow modeling of metadata-
content relationships.

BE-French: Upsamples 10x articles containing
French text.

BE-All: Combines quality filtering (score ≥ 3),
upsampling of clinical content, French text, and
clinical cases, plus metadata prefixing.

For all variants, we preserved the original struc-
ture of the article. To maintain the contextual re-
lationships between paragraphs within scientific
articles, we employed an 8K context window dur-
ing pre-training. This approach ensures that models
can process complete scientific articles, allowing
them to capture dependencies where information

presented in earlier paragraphs is essential for prop-
erly understanding later content.

5 Data Analysis

Most PMC paragraphs receive an educational score
of 4, with a mean of 3.48 and median of 4.00. This
distribution varies by content type: reviews and
studies contain the highest proportion of educa-
tional content (86.9% and 78.7% scoring 4, respec-
tively), while clinical cases show more variance
(57.0% rated 4). Domain-wise, biomedical para-
graphs score higher (75.3% at score 4) than clinical
text (44.0%), and content labeled “other” rarely
reaches high scores (2.1%). These patterns support
the score threshold (≥ 3) used in BE-Educational
and BE-All, and explain why combining domain
and quality filters yields consistent gains across
tasks.

5.1 Continual Pre-training

Continual pre-training served as a method to eval-
uate the relevance and utility of our annotations.
Our evaluation focuses on isolating the effects of
data curation rather than pursuing state-of-the-art
scores on benchmarks. A more powerful foun-
dation model would likely yield higher absolute
scores, but would probably obscure the precise im-
pact of our dataset.

We selected OLMo2-7B-stage1 (OLMo et al.,
2025) as our foundation model for continual pre-
training, strategically choosing this intermediate
checkpoint to more clearly attribute performance
changes to our data curation. Although stage 1 has
already developed strong language modeling capa-
bilities, it precedes the knowledge-intensive tuning
of stage 2, providing an ideal balance of baseline
capabilities without the risk of catastrophic forget-
ting of instruction-following abilities during do-
main adaptation. Notably, the data mix used in
stage 1 includes DCLM (Li et al., 2024), which is a
dataset obtained by filtering web-data using a clas-
sifier trained on instruct-data. Hence, OLMo2-7B
already has relatively strong question-answering
capabilities after stage 1.

Each Biomed-Enriched variant was trained with
the same amount of tokens, namely exactly 33.6
billion tokens, using identical hyperparameters (as
shown in Table 6). We follow the annealing strategy
of OLMo2 (OLMo et al., 2025) used in the mid-
training phase. By maintaining strict parameter
parity across experiments, we created a controlled
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Medical QA MMLU Medical

Tokens MedQA MedMCQA PubMedQA Anat Clin Bio Med Gen Prof Avg

SOTA open-source models (for reference)
Llama-3-8B ∼15T 59.70 57.47 74.80 68.89 74.72 78.47 61.85 83.00 70.22 69.90
Meditron-70B 2T + 48B 57.10 46.80 76.60 53.30 66.70 76.30 63.00 69.00 71.60 64.49

Benchmark Results by Dataset Variant
OLMo2-7B-stage1 ∼4T 45.33 41.14 75.60 54.81 63.40 69.44 53.18 69.00 59.93 59.09
+ BE-Base 4T + 33.6B 44.85 41.91 76.40 57.04 64.15 70.83 59.54 69.00 59.93 60.41

+ BE-Clinical 4T + 33.6B 41.95 39.35 76.60 53.33 63.40 65.28 58.38 66.00 63.97 58.70
+ BE-ClinicalCase 4T + 33.6B 42.11 39.52 76.60 57.04 64.91 66.67 59.54 69.00 62.87 59.81
+ BE-Prefix 4T + 33.6B 45.72 41.76 77.80 57.04 64.53 68.75 57.23 66.00 61.76 60.07
+ BE-Educational 4T + 33.6B 45.64 43.08 77.00 57.04 65.28 68.06 56.65 71.00 58.82 60.29
+ BE-All 4T + 33.6B 47.21 42.79 76.60 60.00 65.66 68.06 58.96 69.00 61.40 61.08
+ BE-All 4T + 12.6B 47.21 42.94 76.4 64.44 64.53 68.75 57.23 71.00 62.87 61.71

Note: MMLU abbreviations: Anat=Anatomy, Clin=Clinical Knowledge, Bio=College Biology, Med=College Medicine, Gen=Medical Genetics, Prof=Professional
Medicine.

Table 4: Comprehensive performance results across medical QA benchmarks for different dataset enrichment
strategies.

Parameter Value

Peak learning rate 5e-4
Minimal LR 5e-7 (αf=0.001)
LR Decay one_minus_sqrt
Batch size 576
Weight decay 1e-5
Context length 8,192
Hardware 4× H100 (1 node)
Training tokens 70B

Table 5: Encoder hyperparameters for continual pre-
training.

environment focused solely on measuring the ef-
fectiveness of our different data curation strategies.

We also conducted continual-pretraining ex-
periments on encoder models. Starting from
ModernBERT-base (Warner et al., 2024) after
its context extension phase, we followed ex-
actly the same hyperparameters as BioClinical-
ModernBERT phase 1 (Table 5). Our baseline re-
produces their standard continual pretraining setup
on public PubMed/PMC. Our clinical-upsample
recipe additionally applies educational filtering
(score ≥ 3) and upsamples clinical cases 100×
and clinical domain content 10×.

5.2 Evaluation Framework

We evaluate how our annotation-guided corpus re-
finement affects model performance during contin-
ual pre-training. We measure performance at regu-
lar intervals throughout training on several biomedi-
cal benchmarks to understand how effectively mod-
els acquire domain knowledge from differently cu-
rated datasets.

Our evaluation consists of zero-shot testing on
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Figure 5: Performance on FrenchMedMCQA, with BE-
French outperforming other variants, demonstrating ef-
fective language-specific improvement.

Parameter Value

Peak learning rate 6.15e-5
Minimal LR 6.15e-6
LR Decay Linear
Batch size 1024
Weight decay 0.1
Context length 8,192 tokens
Hardware 128 MI250X GPUs
Training time (hours / GPU-hours) 68 / 8700

Table 6: Hyperparameters used for continual pre-
training.
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MMLU medical subcategories, MedQA (Jin et al.,
2021), MedMCQA (Pal et al., 2022), and Pub-
MedQA (Jin et al., 2019). For the French adap-
tation assessment, we use 5-shot evaluation on
FrenchMedMCQA (Labrak et al., 2022). We com-
pare our models against three baselines: OLMo2-
7B-stage1, Llama-3-8B, and Meditron-70B.

For the encoder models, we evaluate on 11 tasks
spanning clinical and biomedical domains. Clinical
tasks include ChemProt (Krallinger et al., 2017),
Phenotype (Moseley et al., 2020), COS (Klassen
et al., 2014), SocialHistory (Yetisgen and Van-
derwende, 2017), and DEID (Neamatullah et al.,
2008). Biomedical tasks include AnatEM (Pyysalo
and Ananiadou, 2014), BC5CDR (Li et al., 2016),
JNLPBA (Collier and Kim, 2004), NCBI Disease
(Doğan et al., 2014), GAD (Bravo et al., 2015),
and Hallmarks of Cancer (Baker et al., 2016).
Following the evaluation recipe of BioClinical-
ModernBERT, we finetune for 10 epochs on clini-
cal tasks and 20 epochs on biomedical tasks, with
early stopping patience of 3 epochs for all. We com-
pare against BioClinical ModernBERT (Sounack
et al., 2025), which was trained on 169B tokens
from PubMed, PMC, and 20 clinical datasets in-
cluding MIMIC-III (Johnson et al., 2016), MIMIC-
IV (Johnson et al., 2023), CheXpert Plus radiology
reports (Chambon et al., 2024), and various clini-
cal notes from multiple institutions, most requiring
data use agreements.

6 Results

Table 4 presents decoder results on medical QA
benchmarks. The combined strategy BE-All
achieves the best average performance (61.08%),
with the strongest gains on MedQA (+2.4 pts)
and MMLU Clinical Knowledge (+1.5 pts). Dif-
ferent enrichment strategies show complementary
strengths: clinical upsampling yields a +4 point
improvement on MMLU Professional Medicine,
while educational filtering improves Medical Ge-
netics by +2 points and MedMCQA by +1.2 points.
As shown in Figure 4, BE-All reaches target per-
formance using roughly one-third of the training
tokens compared to BE-Base, with stable improve-
ments visible from early checkpoints. BE-French
also demonstrates successful adaptation to French
medical QA (40.5% vs 38.3% baseline, Figure 5),
showing that language-specific upsampling gener-
alizes beyond English.

Table 7 presents encoder results across 11 clini-

cal and biomedical benchmarks. Our BE-Clinical
recipe achieves 77.08% average F1, matching
BioClinical-ModernBERT (77.05%) while using
2.5× fewer tokens and only public PubMed/PMC
data. Adding a decay phase with high-quality ed-
ucational content brings slight additional gains:
the Biomedical decay variant (edu≥4) achieves
77.32%. Different decay targets show task-specific
strengths: Study decay yields the best results on
AnatEM (79.7%) and NCBI Disease (81.2%), Re-
view decay excels on GAD (80.2%), and Clin-
ical Case decay achieves the highest SocialHis-
tory score (57.0%). Figure 6 shows that clinical-
upsample reaches higher performance faster on
clinical tasks with more stable training. These re-
sults suggest that public PMC data has more po-
tential for clinical NLP than commonly exploited,
and that targeted curation can close the gap with
models trained on restricted datasets.

7 Discussion

The core advantage of paragraph-level annotation
lies in its ability to identify valuable content that
would be missed by document-level approaches.
Clinical case descriptions, for instance, often ap-
pear in isolated sections of broader scientific ar-
ticles. By operating at the paragraph level, we
extracted 2 million clinical case paragraphs from
PMC Open Access. This content is otherwise diffi-
cult to obtain at scale due to privacy restrictions on
hospital records.

For decoders, our results reveal clear task-
specific benefits from different enrichment strate-
gies. Educational filtering improves knowledge-
intensive QA tasks, clinical upsampling enhances
clinical reasoning benchmarks, and the combina-
tion of both yields the best overall performance
with faster convergence. The successful French
adaptation through targeted upsampling further
demonstrates that this framework generalizes be-
yond English. However, aggressive clinical upsam-
pling can reduce performance on general biomedi-
cal tasks like College Biology, suggesting a trade-
off between specialization and breadth. Our de-
coder experiments used 7B parameter models, and
larger models may respond differently to data cura-
tion choices.

For encoders, the decay phase experiments re-
veal that different paragraph types benefit different
downstream tasks: Study paragraphs improve NER
performance, Clinical Case paragraphs improve so-
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Clinical Tasks Biomedical Tasks

Tokens ChemPr Pheno COS Social DEID AnatEM BC5CDR JNLPBA NCBI GAD HoC Avg
Cls Cls NER NER NER NER NER NER NER Cls Cls

Base Model
ModernBERT-base (Warner et al., 2024) 2T 89.5 48.4 94.0 53.1 78.3 77.2 87.9 74.3 77.7 76.8 66.6 74.89

Reference Model
BioClinical-ModernBERT 2T + 169B† 90.0 60.7 94.8 56.0 81.8 79.2 88.7 74.8 78.7 75.8 67.0 77.05

Our Models (Public Data Only)
Baseline 2T + 70B 89.8 59.6 94.5 55.5 78.5 78.8 88.7 74.8 81.3 76.2 67.0 76.79
BE-Clinical 2T + 67B 89.9 59.9 94.8 56.8 79.7 78.5 88.1 74.6 79.4 77.7 68.5 77.08

With Decay Phase
+ Review (edu≥3) 2T + 67B 90.3 59.7 94.6 55.4 79.6 78.5 88.5 74.7 79.6 80.2 68.8 77.26
+ Study (edu≥3) 2T + 67B 90.3 60.3 94.7 55.6 78.6 79.7 88.4 74.8 81.2 78.7 67.7 77.27
+ Clinical Case (edu≥3) 2T + 67B 89.5 59.4 94.5 57.0 79.3 78.7 88.3 74.7 80.0 77.9 68.1 77.04
+ Biomedical (edu≥4) 2T + 67B 90.1 59.9 94.9 56.4 79.6 79.0 88.6 74.7 79.9 78.4 69.0 77.32

† Trained on 169B tokens including 20 clinical datasets (MIMIC-III/IV, CheXpert, radiology reports, etc.). Our models use only public PubMed/PMC.
Abbreviations: ChemPr=ChemProt, Pheno=Phenotype, Social=SocialHistory, Cls=Classification, NER=Named Entity Recognition.
Significance (paired t-tests over 5 seeds vs. Baseline): Study decay improves AnatEM +0.8 (p=0.002), ChemProt +0.5 (p=0.018), GAD +2.4 (p=0.032); Review decay improves
GAD +4.1 (p=0.023); Biomedical decay improves ChemProt +0.3 (p=0.047), HoC +2.0 (p=0.049); Clinical Case decay improves SocialHistory +1.5 (p=0.086).

Table 7: Encoder results across 11 clinical and biomedical benchmarks (mean over 5 seeds). Our best decay variant
matches BioClinical-ModernBERT (77.3% vs. 77.1%) using 2.5× fewer tokens and only public PubMed/PMC data.
Different decay targets show task-specific strengths: Study decay excels on AnatEM and NCBI, Review on GAD,
Clinical Case on SocialHistory.
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Figure 6: Encoder training curves on clinical, biomedical, and combined benchmarks. Our clinical-upsample recipe
(orange) reaches higher performance faster and more stably on clinical tasks, and also outperforms baseline (blue)
on biomedical tasks until 70B tokens. At 67B tokens, we match BioClinical-ModernBERT P1 (green dashed), their
phase 1 checkpoint before decay on clinical data, which required 169B tokens and 20 clinical datasets.

cial history extraction, and Review paragraphs ex-
cel on relation extraction. The distinct task-specific
strengths of each decay variant suggest a promising
direction: model merging or checkpoint averaging
could combine the benefits of specialized training
runs without requiring additional compute. Rather
than training general-purpose models on massive
undifferentiated corpora, these findings support a
more modular approach where data composition is
tailored to downstream requirements. In practice,
practitioners can reuse the released annotations and
classifier to compose training mixes tailored to their
needs, or apply the same pipeline to new corpora
with their own annotation dimensions.

8 Conclusion

We labeled PMC paragraphs for type, domain, and
educational quality using Llama-3.1-70B (400K
paragraphs) and a fine-tuned XLM-RoBERTa (full
corpus). From these annotations, we extracted 2M

clinical case paragraphs and constructed dataset
variants for different downstream needs.

Our experiments show consistent gains on both
encoder and decoder architectures. For decoders,
combining quality filtering with clinical upsam-
pling matches standard continual pretraining using
one-third of training tokens, with task-specific ben-
efits: +4 points on MMLU Professional Medicine
from clinical upsampling, +2 points on Medical
Genetics from educational filtering. For encoders,
we match BioClinical-ModernBERT on 11 clini-
cal and biomedical tasks (77.3% vs 77.1%) using
2.5× fewer tokens and only public PubMed/PMC
data. Adding a decay phase with paragraph-type-
specific data reveals task-specific benefits: Study
paragraphs improve NER tasks, Clinical Case para-
graphs improve SocialHistory extraction. The
French upsampling results suggest this approach
generalizes to other languages.

Paragraph-level curation of public PMC data of-
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fers a reproducible alternative to restricted clinical
datasets, suggesting that strategic data selection
matters as much as data access for domain adapta-
tion.
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9 Limitations

Our decoder experiments used 7B parameter mod-
els. Larger models may respond differently to data
curation choices, and our findings may not directly
transfer to other model scales. The two-stage anno-
tation pipeline relies on a relatively small classifier
(XLM-RoBERTa-base), which may have limited
capacity compared to larger encoder models. Our
clinical case paragraphs come from published case
reports, which may differ stylistically from actual
hospital records. The educational quality scores
are neural heuristics for data curation rather than
gold-standard pedagogical assessments. Finally,
our evaluation focuses primarily on English bench-
marks, with only preliminary results on French,
leaving the generalization to other languages as
future work.
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Appendices

A Annotation Prompt

Below is the prompt used to instruct Llama-3.1-70B-Instruct for the first stage of our annotation process:
Below is an extract from a scientific article. Evaluate whether the extract has a high educational value

and could be useful in an educational setting for teaching at the college level in biomedical sciences
using the additive 5-point scoring system described below.

Points are accumulated based on the satisfaction of each criterion:
- Add 1 point if the extract provides some basic information relevant to biomedical topics , even if it

includes some irrelevant or non -academic content like advertisements and promotional material.
- Add another point if the extract addresses certain elements pertinent to biomedical education but does

not align closely with academic standards. It might mix educational content with non -educational
material , offering a superficial overview of potentially useful topics , or presenting information in a
disorganized manner and incoherent writing style.

- Award a third point if the extract is appropriate for educational use and introduces key concepts
relevant to college -level biomedical curricula. It is coherent though it may not be comprehensive or
could include some extraneous information. It may resemble an introductory section of a textbook or a
basic tutorial that is suitable for learning but has notable limitations like treating concepts that
are too complex for introductory students.

- Grant a fourth point if the extract is highly relevant and beneficial for educational purposes at the
college level , exhibiting a clear and consistent writing style. It could be similar to a chapter from
a textbook or a tutorial , offering substantial educational content , including exercises and solutions ,
with minimal irrelevant information , and the concepts are appropriate for college students. The
content is coherent , focused , and valuable for structured learning.

- Bestow a fifth point if the extract is outstanding in its educational value , perfectly suited for
teaching at the college level in biomedical sciences. It follows detailed reasoning , the writing style
is easy to follow and offers profound and thorough insights into the subject matter , devoid of any
non -educational or overly complex content.

Based on these factors , give a score from 1 to 5.

Also , classify the relevant domain as either "biomedical", "clinical", or "other" following the guidelines
provided below:

- Clinical: Extract appears to be written in a clinical context by a healthcare professional. It should
contain information directly related to patient care , such as details from clinical trials , case
reports , or clinical guidelines.

- Biomedical: Extract contains substantive information on biomedical sciences. It could be from a research
paper or textbook , focusing on the scientific aspects of medicine and biology.

- Other: Extract mentions biomedical or clinical topics but doesn 't provide substantive content in these
areas. This category includes:

1. Administrative or funding information about biomedical research
2. General news or public communications about medical topics
3. Policy discussions related to healthcare
4. Any content that talks about biomedical or clinical subjects without providing actual scientific or

medical information

Additionally , identify the type of document , this category includes:
1. Clinical case: A detailed report of the symptoms , signs , diagnosis , treatment , follow -up , etc. of an

individual patient.
2. Study: Research -based document that includes methods , results , and discussions about experiments or

observations , often involving multiple subjects or data points.
3. Review: A document that summarizes or evaluates the current state of knowledge on a specific topic.
4. Other: Any other type of document not fitting the above categories.

After examining the extract:
- Briefly justify your quality classification , up to 100 words on one line using the format: "Explanation:

<justification >"
- Conclude with the quality classification using the format: "Educational score: <classification >"
- Conclude with the domain classification using the format: "Domain: <classification >"
- Conclude with the document type classification using the format: "Document type: <classification >"
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