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Abstract
Radiology reports contain rich clinical information that can be used to train imaging models without relying on
costly manual annotation. However, existing approaches face critical limitations: rule-based methods struggle with
linguistic variability, supervised models require large annotated datasets, and recent LLM-based systems depend
on closed-source or resource-intensive models that are unsuitable for clinical use. Moreover, current solutions are
largely restricted to English and single-modality, single-taxonomy datasets. We introduce MOSAIC, a multilingual,
taxonomy-agnostic, and computationally efficient approach for radiological report classification. Built on a compact
open-access language model (MedGemma-4B), MOSAIC supports both zero-/few-shot prompting and lightweight
fine-tuning, enabling deployment on consumer-grade GPUs. We evaluate MOSAIC across seven datasets in English,
Spanish, French, and Danish, spanning multiple imaging modalities and label taxonomies. The model achieves a
mean macro F1 score of 88 across five chest X-ray datasets, approaching or exceeding expert-level performance,
while requiring only 24 GB of GPU memory. With data augmentation, as few as 80 annotated samples are sufficient
to reach a weighted F1 score of 82 on Danish reports, enabling large-scale cohort classification with minimal human
effort. Code and models are open-source, offering a practical alternative to large or proprietary LLMs in clinical settings.
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1. Introduction

Deep learning methods have been extensively ex-
plored for AI-assisted medical imaging analysis.
However, their effectiveness depends on large vol-
umes of annotated data. Such annotations must be
provided by expert radiologists, whose primary fo-
cus remains clinical care, limiting the availability of
high-quality labeled datasets. A promising solution
to the annotation bottleneck is to extract relevant
information directly from radiology reports, which
are routinely produced during imaging procedures
to document abnormalities associated with clinical
findings (Reichenpfader et al., 2024). This infor-
mation can later be used to train medical imaging
classifiers or perform retrospective clinical studies
(Zhou et al., 2014). Classic methods to automate
finding extraction from English radiology reports
include rule-based methods and BERT-based clas-
sifiers, that can prove effective in providing anno-
tations close to those of radiologists (Irvin et al.,
2019; Smit et al., 2020). However, rule sets need
to be hand-crafted and are still limited by syntac-
tic variability, and deep learning methods need a
large amount of annotations from expert clinicians
(Yang et al., 2023). Adapting these methods to
a new label taxonomy or language necessitates

either retraining the model, partially or entirely, or
developing new rule sets from scratch. Re-training
models to adapt to a new language or taxonomy
for the same underlying task is an inefficient use of
computational resources and is not sustainable.

In contrast, recent advances in natural language
processing have led to the emergence of large lan-
guage models (LLMs), which follow user instruc-
tions through natural language prompting. These
models enable zero-shot or few-shot classification
(i.e., with no or very few labeled examples), elimi-
nating the need for manual annotation or rule en-
gineering, and offering greater adaptability across
tasks, languages, and taxonomies (Gu et al., 2024;
Dorfner et al., 2024). However, the use of LLMs
in many clinical settings often depends on large
and/or closed-source models that cannot be de-
ployed locally, posing significant challenges for
projects involving sensitive patient data due to pri-
vacy concerns and the need for high-end compu-
tational resources. In these scenarios, compact
models that can operate on consumer-grade hard-
ware are the most practical solution.

While several studies have explored this task,
they are typically restricted to a single dataset,
limited language coverage (often one or two lan-
guages), and limited to a single medical imaging
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modality, such as X-rays or magnetic resonance
imaging (MRI), each having distinct clinical con-
texts and reporting conventions (Reis et al., 2022;
Nguyen et al., 2022; Mottin et al., 2023; Wollek
et al., 2024; Olivato et al., 2024; Matsuo et al., 2024;
Collado-Montañez et al., 2025; Mergen et al., 2025;
Al Mohamad et al., 2025). Even when datasets
share the same imaging modality, differences in
research focus lead to variability in labeled find-
ings. For example, a chest X-ray may be used
to study either the heart or the lungs, resulting
in highly diverse label sets across studies. While
LLMs offer greater flexibility than traditional deep
learning methods, they still face important limita-
tions. Most models are primarily trained on En-
glish, as it dominates the available web-crawled
data. As a result, despite their strong performance
on many tasks, LLMs underperform compared to
BERT-based approaches when applied to other
languages, e.g. Danish MRI reports (Beliveau
et al., 2024), or Japanese pancreatic cancer re-
ports (Suzuki et al., 2024).

To identify a viable approach to radiological re-
port classification, we investigate whether genera-
tive language models can effectively perform this
task in multiple languages and taxonomies, par-
ticularly in low-resource settings with limited com-
putational capacity, scarce annotated data, and
the need for localized model deployment. We look
at language and task competency, evaluating per-
formance across diverse linguistic settings and la-
bel taxonomies, and analyzing trade-offs between
model size, accuracy, and adaptability.

We propose MOSAIC, an efficient and flexible
LLM-based method for radiological report classifi-
cation with the following key properties:

• Multilingual: Trained and evaluated across
multiple languages, including English, Span-
ish, French, and Danish.

• Optimized for Small-scale: Designed to be
trained and tested on consumer-grade GPUs,
enabling local model development and adapta-
tion while preserving patient privacy by avoid-
ing reliance on external services.

• Adaptable: Robust to variations in label tax-
onomies across diverse datasets and medical
imaging modalities.

• Annotation-efficient: With data augmenta-
tion, the model can match full-dataset perfor-
mance using as few as 80 annotated samples.

• Open-source: We release the code and mod-
els in two sizes (4B and 12B)1, while most
datasets are accessible through their original
providers.

1Available upon paper acceptance

We invite researchers to evaluate our method on
their own data. Additional datasets provided by the
community will be incorporated in a future revision
of this manuscript.

2. MOSAIC

MOSAIC is a language model specialized for
prompt-based radiological report classification,
available in either 4B and 12B versions. The fi-
nal models are based on supervised fine tuning of
the MedGemma-4B and Gemma-12B models using pub-
licly available datasets. We describe our design
decisions, including model selection, prompt de-
sign, fine-tuning strategies, and data augmentation
to quantify the impact of each design choice.

2.1. Data
Few public radiological reports datasets are cur-
rently available, due to the risk of de-anonymization
of patients or clinicians. Most reports are machine-
annotated, which leads to noisy labels unsuitable
for training language models. For high-quality re-
sults, we consider only datasets manually anno-
tated or checked by radiologists. The key statistics
of the datasets are presented in Table 1.

MIMIC-CXR (Johnson et al., 2019) is a collec-
tion of chest X-ray English radiological reports. It
has annotations for 3 possible types of mentioned
finding: positive mention (+), when a finding is de-
scribed as present in the report; negative mention
(−), as finding is described as absent in the report;
and uncertain mention (∼), when a definitive con-
clusion cannot be reached on a specific finding. All
not mentioned findings in the report are assigned
a "not mentioned" label. Only a small subset of the
dataset was manually annotated and released.

PadChest-GR (Castro et al., 2024) is a manually-
curated chest X-ray dataset. The original dataset
was a collection of reports from a hospital in Spain.
Later, the sentences describing abnormalities were
extracted from text through LLM prompting, and
translated to English. The extracted sentences
were reviewed by a team of radiologists while in-
specting the associated X-ray. We limit the label
set to findings that occur at least 30 times.

CASIA-CXR (Metmer and Yang, 2024) is a
French chest X-ray dataset. Each report was as-
signed one of five findings as positively mentioned.
Labels for both PadChest-GR and CASIA-CXR can
only be positively mentioned findings.

REFLACX (Bigolin Lanfredi et al., 2022) is based
on MIMIC-CXR, from which unlabeled reports were
extracted for manual annotation in two phases,
with two different taxonomies: we refer to these
as REFLACXI and REFLACXII . Each finding in
these datasets was annotated as not mentioned, or
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Dataset Language Modality Number of
Findings

Avg.
Chars

Mention
Classes Train Dev Test

MIMIC-CXR m en Chest X-Ray 14 760 +,−,∼ 535 50 100
PadChest-GR p es, en Chest X-Ray 49 115 + 1951 100 879
CASIA-CXR c fr Chest X-Ray 5 400 + 7677 100 3334
DanskCXR d da Chest X-Ray 48 312 +,− 1600 125 750
ReflacxI ri en Chest X-Ray 14 216 +,∼ 68 50 120
ReflacxII rii en Chest X-Ray 15 201 +,∼ 1046 52 1098
DanskMRI b da Brain MRI 3 1941 +,−,∼ 194 50 345

Table 1: Overview of the datasets used, including language, modality, number of findings, average
characters per report, data split, and mention classes, namely positive (+), negative (−), and uncertain
(∼) mentions of findings.

as mention with varying degrees of certainty, with
a score from 1 to 5, following the definition by (Pan-
icek and Hricak, 2016). As granular uncertainty
detection is not the scope of this study, we map
probable findings as positive mentions (score of 4
and 5), and otherwise uncertain.

DanskCXR (Anonymous, 2025) is a private chest
X-ray dataset collected from hospitals and clinics
in Denmark. Along with MIMIC-CXR, it is the only
dataset that has annotations for negative mentions
of findings. We limit our experiments to the 14 most
frequent findings to exclude rare conditions.

We define as DanskMRI a dataset of MRI reports
from Danish hospitals collected by Beliveau et al.
(2024), who focused on identifying epilepsy-related
findings in brain MRI radiology reports. MRI is a
different medical imaging modality: the style and
structure of MRI reports differ significantly from
those of chest X-rays, presenting a distinct out-of-
distribution scenario.

The dataset splits were generated using stratifi-
cation (Sechidis et al., 2011) and implemented us-
ing the iterative-stratification Python library,
trying to have a consistent number of validation
samples across datasets.

2.2. Model selection and fine-tuning
We select a small language model to base MOSAIC
on through an initial set of experiments comparing
two model families at different sizes: Llama 3 (3B
and 8B) (Grattafiori et al., 2024) and Gemma 3 (4B
and 12B) (Team et al., 2025) model families. These
models have similar computational requirements
and inherent multilingual capabilities. Additionally,
we include Mmed-Llama-8B, a multilingual medical
foundation model based on Llama-8B (Qiu et al.,
2024). Lastly, we test also three larger models of
the same families (Gemma-27B, MedGemma-27B and
Llama-70B). While these models are not feasible for
local deployment on consumer-grade GPUs due
to their high resource requirements, they serve to
contextualize the performance of smaller alterna-
tives. We select the instruction-tuned version of

each model, given their general superiority for struc-
tured outputs (Zhang et al., 2025). Closed-source
models are excluded, as they do not meet the cru-
cial privacy requirements of this task.

Each model is fine-tuned on an NVIDIA RTX
4090 GPU (24GB) using its 4-bit quantized form
along with Rank-Stabilized LoRA adapters, except
for Gemma-27B and Llama-70B which are trained on
a H100 (94GB). Mmed-Llama-8B does not have a
4-bit quantized model version. All the prompts
and findings sets are written in English to leverage
the models’ stronger alignment to English instruc-
tions. The prompt structure is adapted based on
the dataset’s label taxonomy to ensure consistency
with its definition of positive, uncertain, negative,
and unmentioned findings. As an example, the
prompt for CASIA is:

You are a helpful radiology assistant.
Given a radiology report, classify each
abnormality into a class. Output a valid
JSON with each abnormality as key, and the
class as value. The keys must be
['cardiomegaly', 'mass', 'pleural
effusion', 'pneumonia', 'pneumothorax'].
The values can be one of [-1, 1]. The
values have the following interpretation:
(1) the abnormality was mentioned, even
with uncertainty, in the report e.g. 'A
large pleural effusion', 'The cardiac
contours are stable.', 'The cardiac size
cannot be evaluated.'; (-1) the abnormality
was not mentioned in the report, or the
abnormality was negatively mentioned in the
report; e.g. 'No pneumothorax.'.

Fine-tuning is conducted using the Unsloth library
(Han et al., 2023), while inference is performed with
vLLM (Kwon et al., 2023). Before inference, the
LoRA adapters are merged into the base models
in 16-bit precision. Cross-entropy loss is used as
the objective function. Fine-tuning and sampling
parameters are selected based on empirical testing
and a random hyperparameter search conducted
using Weights & Biases (Biewald, 2020). Train-
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Figure 1: Perplexity scores on the SIB-200 and the
chest X-ray reports, with the latter denoted by the
dataset’s initial.

Figure 2: Distribution of perplexity scores as a func-
tion of sentence length on radiological reports and
SIB-200, on model Gemma-12B .

ing configurations and hyperparameters are docu-
mented in the accompanying code repository.

2.3. Metrics
We use the F1 score to evaluate the extraction of
findings for positive and negative mentions. The
average of these scores yields the macro F1 score,
reported as (+)F1 and (−)F1, respectively. To mit-
igate the impact of class imbalance, we report the
weighted F1 score as (w)F1, which incorporates
class support into the macro F1 calculation.

3. Results

To evaluate a model’s ability to classify the radiology
reports across multiple languages and taxonomies,
we look at two key aspects: language competency
and task competency.

3.1. Language competency
Language competency is the ability of a model to
understand and generate text in different languages.
It reflects how the model captures linguistic patterns
and vocabulary, often measured by metrics like
perplexity. Strong language competency enables
better performance across multilingual tasks. SIB-
200 is a large-scale, open-source benchmark for
topic classification in 200 languages (Adelani et al.,

2024). To assess language modeling capabilities,
Figure 1 shows the distribution of perplexity scores
on SIB-200 across the four focus languages in this
paper and the chest X-ray reports. MIMIC and
CASIA, along with their language counterparts in
SIB-200, achieve lower perplexity scores than Dan-
skCXR and PadChest. While Danish and Spanish
datasets in SIB-200 generally yield higher perplex-
ity, the radiology datasets exhibit particularly high
scores. PadChesten also records higher perplex-
ity than other English datasets. Among the mod-
els, Mmed-Llama-8B consistently attains the lowest
perplexity, whereas the Gemma family yields the
highest values, with Gemma-4B performing notably
poorly on PadChestand MedGemma-4B showing a
smaller spread. Figure 2 illustrates the relationship
between text length and perplexity for Gemma-12B.
SIB-200 shows a similar distribution, which does
not seem affected by language. Source corpus
strongly influences the perplexity score: in particu-
lar on radiological reports, MIMIC and PadChesten,
have very different distributions, even if both are
written in English, confirming how language has a
lower impact than dataset provenance in this task.
Similar results were observed for other models but
are omitted for brevity.

Finding 1. Larger models yield lower per-
plexity, with domain-adapted variants provid-
ing additional gains. Dataset provenance
also matters, with models performing better
on data aligned with their training domain.

3.2. Task competency
Table 2 reports the performance of each model
across five chest X-ray datasets under three ex-
perimental settings, evaluated using the (+)F1
score: zero-shot (ZS), where the model is directly
prompted to classify the text according to the given
taxonomy; three-shot (3S), using three examples
randomly drawn from the corresponding training
sets; and fine-tuned (FT) on MIMIC. In the 3-shot
setting, three examples from the respective training
set are provided. When fine-tuning, the models
were instructed to output a valid JSON with each
abnormality as key, and the mention type as the
value, using a zero-shot prompt. The outputs are
then parsed and validated.

A clear trend emerges across all models and
datasets: performance improves with 3-shot
prompting. Even if fine-tuning is performed only
on one dataset, some models achieve an improve-
ment over the other tested datasets. Gemma-12B
consistently leads in performance, often achiev-
ing the highest F1 scores across multiple datasets
and settings, particularly excelling in 3S and FT
scenarios. MedGemma-4B also demonstrates strong
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Dataset MIMIC PadChesten PadChestes CASIA DanskCXR Average

Experiment ZS 3S FT ZS 3S FT ZS 3S FT ZS 3S FT ZS 3S FT ZS 3S FT

Llama-3B 46 53 77 60 66 67 39 53 53 55 75 79 53 53 57 50 60 66
Llama-8B 54 61 86 77 76 78 69 67 71 70 75 77 61 63 65 66 68 75
Mmed-Llama-8B 39 52 82 42 75 78 29 62 68 60 67 77 45 59 54 43 63 72
Gemma-4B 60 62 86 68 75 74 62 72 67 69 73 80 43 64 60 60 69 73
MedGemma-4B 55 59 88 61 77 74 53 72 71 69 82 82 62 65 58 60 69 75
Gemma-12B 65 70 84 79 79 80 76 76 76 76 76 81 69 75 69 73 75 78

Gemma-27B ∗ 68 69 87 81 81 82 81 82 82 75 77 81 71 75 68 75 77 80
MedGemma-27B ∗ 70 69 87 81 83 83 81 84 82 76 78 82 72 76 70 76 78 81
Llama-70B ∗ 69 72 81 78 79 78 74 70 78 68 79 79 68 73 67 71 75 77

Table 2: Classification performance of language models on chest X-ray radiological free-text reports,
measured in (+)F1 and ordered by model family and size. Models are tested under three settings:
zero-shot (ZS); three-shot (3S) with three examples drawn from corresponding training sets; and the
model fine-tuned on MIMIC (FT). We indicate with (∗) models fine-tuned on a 94GB H100, instead of a
consumer-grade 24GB RTX 4090.

0-shot 3-shot FT on MIMIC-CXR
0.0

0.2

0.4

0.6

0.8

1.0

MIMIC
PadCheste

PadChests
CASIA

DanskCXR

Figure 3: Distribution of (+)F1 scores from Table 2.
Performance improves with increased supervision,
but transferability varies by dataset.

performance, especially considering its smaller
size, showing competitive F1 scores and even
surpassing larger models in specific instances.
Llama-3B and Mmed-Llama-8B generally show lower
performance compared to Gemma variants, while
Llama-8B performs generally well. Surprisingly,
Mmed-Llama-8B performs poorly, especially com-
pared to Llama-8B, particularly in zero-shot.

On the MIMIC dataset, CheXbert reports
radiologist-level performance with a (w)F1 of 0.809,
compared to 0.743 for rule-based methods and
0.798 for BERT-based classifiers (Smit et al.,
2020). On a comparable subset, MedGemma-4B
achieves (w)F1=88, suggesting that our approach
can achieve expert-level performance. Large mod-
els (27B and 70B) have much higher scores on
ZS and 3S, compared to the smaller ones. When
fine-tuned, the performance is similar or equal on
the target set, but these models better generalize
on the test sets unseen during fine-tuning.

Figure 3 illustrates the distribution of the scores.

While 0-shot learning shows a wide variability, the
distributions become significantly tighter and higher
for 3-shot learning. This trend is further pronounced
when models are fine-tuned on MIMIC, suggesting
a more robust and reliable performance. Interest-
ingly, models consistently perform better on PadCh-
esten than on PadChestes, despite both datasets
containing the same reports but in different lan-
guages. This suggests that the task is easier in En-
glish than in Spanish. We conclude that larger mod-
els offer a good solution when no annotated data
is available, but lack the accuracy of fine-tuning on
the target data. Remarkably, in the fine-tuned set-
ting smaller models match their performance, but
show reduced generalization to out-of-distribution
datasets. Table 3 shows runtime for training experi-
ments on MIMIC, that we can compare to previous
classification performance. Between the smaller
models, Gemma-12B exhibits superior F1 scores but
has higher memory and runtime demands. Addi-
tionally, training or inference may fail due to limited
resources with large prompts (e.g. when the find-
ings set or report is too long). MedGemma-4B stands
out for its efficiency and competitive performance.

Finding 2. In-context examples and su-
pervised fine-tuning consistently improves
performance compared to direct prompting.
The best performing small-scale models are
MedGemma-4B and Gemma-12B.

3.3. Multi-dataset fine-tuning
Table 4 reports (+)F1 scores using a series of in-
creasingly comprehensive training setups, on the
best-performing models in Section 3.2. Each suc-
cessive row in the table reflects an incremental ex-
pansion of the training data, each indicated by the
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Figure 4: Performance as (+)F1 score of MedGemma-4B, Llama-8B, and Gemma-12B fine-tuned on mpE+Sc,
with detailed results on three key Chest X-ray pathologies: Cardiomegaly, Pneumothorax, and Pleural
Effusion. The data is presented across a range of chest X-ray datasets, illustrating model-specific and
dataset-specific performance.

Memory (GB) Runtime (m)

Llama-3B 4.70 9.66
Mosaic-4B 8.69 13.98
Gemma-4B 9.16 13.88
Llama-8B 9.61 20.68
Gemma-12B 16.24 33.64
Mmed-Llama-8B 19.01 19.33

Gemma-27B 43.85 36.58
MedGemma-27B 41.48 34.65
Llama-70B 78.14 79.27

Table 3: Training runtime (in minutes) and peak
GPU memory usage for models trained on MIMIC.

initial of the included dataset. The mpE setting in-
cludes only English-language data from MIMIC and
PadChesten, serving as the monolingual baseline.
mpE+S adds Spanish samples, introducing cross-
lingual variation. In mpE+Sc, French data from
CASIA is incorporated, followed by the final setting
mpE+Scd, which adds Danish samples from Dan-
skCXR, creating a multilingual, multi-institutional
training configuration. We observe that the model
trained under the mpE condition, using only English
data, still achieves strong performance on PadCh-
estes, which contains the same reports as pE in
Spanish. This result suggests that the model can
generalize to the task itself without direct exposure
to Spanish during fine-tuning, providing evidence
of emerging task competency, even when the train-
ing data is exclusively monolingual, as long as the
clinical structure remains consistent.

While the inclusion of additional languages and
datasets does lead to gradual performance im-
provements, these gains are most pronounced in
the final configuration mpE+Scd, where all sources
are present. The inclusion of CASIA in mpE+Sc
yields near-to-perfect results on CASIA. This is
not surprising, as this dataset is the largest (7.6k
samples, compared to 0.5k of MIMIC) and with
the simplest task, multi-class classification over 5

findings. Including CASIA and DanskCXR slightly
degrades performance on MIMIC in smaller mod-
els, likely due to MIMIC becoming less propor-
tionally represented in the combined training data.
This effect is not observed in Gemma-12B. Figure
4 further illustrates this trend for three critical
pathologies, observed across the relevant train-
ing sets and the English-language datasets RE-
FLACXI and REFLACXII , under the mpE+Scd
setting. While Gemma-12B achieves the highest F1
scores, MedGemma-4B performs on par with or better
than larger models in several scenarios, and on
out-of-distribution REFLACX datasets.

Finding 3. Adding more datasets improves
performance, particularly in multilingual train-
ing. English-only models transfer to Spanish
via shared clinical structure.

3.4. Taxonomy adaptation
Table 5 looks at the performance of MOSAIC trained
on mpE+Scd to assess task competency. The left
columns (m and pE) reflect the model’s initial task
competency on English-language findings. The
red "X" marks in these columns indicate that these
specific findings are not present in that dataset tax-
onomy. The right columns assess the model’s task
competency by measuring its ability to generalize to
unseen English datasets riand rii, both before and
after fine-tuning on new data (⇒r). Although "Con-
solidation" is present in all datasets, fine-tuning on
new data still yields substantial improvements. On
findings that are present in only one of the training
sets ("Nodule" and "Pneumothorax"), fine-tuning
also significantly improves the models’ ability to
adapt their existing task competency to new distri-
butions. However, for findings not included in the
initial training set taxonomy, the fine-tuned model
shows a small improvement ("Enlarger Hilum", of
which there are 29 samples in the whole dataset)
or, in the case of "Emphysema" (N=6), fine-tuning
hurts performance.
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m 87 86 84 74 78 80 71 71 76 82 77 81 58 65 69 74 75 78
mpE 78 89 85 92 95 95 84 85 91 83 74 80 65 65 70 80 82 84
mpE+S 80 82 84 93 94 95 92 94 94 83 76 79 61 61 69 82 81 84
mpE+Sc ⋆ 76 85 84 92 95 94 89 94 94 99 99 99 66 63 69 84 87 88
mpE+Scd 76 76 85 93 93 95 91 92 94 99 99 99 82 84 86 88 89 92

Table 4: (+)F1 scores with incrementally expanded multilingual training configurations on chest X-ray
radiological reports. In bold, the best result over each dataset. mpE establishes a monolingual English
baseline. Subsequent rows incrementally incorporate radiological reports in Spanish (pS), French (c),
and Danish (d), culminating in a multilingual, multi-institutional training setup. MedGemma-4B is 3 times
smaller than Gemma-12B, but it still achieves a competitive performance. The symbol ⋆ indicates the training
configuration used for the open-source MOSAIC-4B and MOSAIC-12B.

m pE ri ⇒ri rii ⇒rii

77 100 Consolidation 67 91 65 92
93 Pneumothorax 90 100 84 93

68 Nodule 47 60
100 Hiatal Hernia 89 100

Emphysema 71 50
Enlarged Hilum 74 75

Table 5: Taxonomy adaptation in English of MOSAIC
trained on mpE+Scd, measured in (+)F1. Left
columns show performance on present findings
in training sets m and pE ; right columns show gen-
eralization to unseen datasets ri and rii before and
after fine-tuning (⇒r).
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Figure 5: Evaluation of different pretraining and fine-
tuning configurations of MOSAIC on the DanskCXR.
Fine-tuning directly on d dataset outperforms zero-
shot and task pretraining.

Finding 4. Fine-tuning improves general-
ization to unseen datasets, especially for find-
ings present in the training data, but offers
limited gains for rare or missing findings.

3.5. Domain adaptation

DanskCXR is challenging out-of-distribution (OOD)
training set for evaluating model adaptation beyond
in-domain performance. This dataset is complex,
as it is multi-class, multi-label, sourced from multi-
ple institutions, and written in Danish. Notably, the
current SOTA on this task is a BERT-based model
that achieves a (+)F1 score of 88, across both pos-
itively and negatively mentioned findings. Figure 5
shows how different training strategies impact per-
formance on DanskCXR. When pretrained on m or
on mpE+Sc, the model struggles with negative find-
ing detection: (−)F1=34, (−)F1=13, respectively.
Incorporating DanskCXR into the pretraining phase
yields no notable improvement over simply fine-
tuning on DanskCXR alone. However, adapting
a fine-tuned MOSAIC to DanskCXR (mpE+Sc⇒d)
provides a modest performance boost, achieving
(+)F1=84. We next ask: what is the minimal data
requirement to match full-dataset performance on
DanskCXR? As shown in Figure 6, we find that us-
ing as little as 30% of the dataset (480 examples)
is sufficient to match the performance achieved
with the full training set. To further examine data
efficiency of small LLMs, Table 6 presents results
when training is restricted to just 5% of the dataset
(80 annotated examples).

Finding 5. Domain adaptation per-
formance is maximized by sequential
adaptation to the target domain dataset.
Direct pretraining on mixed datasets offers
limited gains.

Finding 6. Domain adaptation reaches its
maximum performance with only 30% of the
expert-annotated data (480/1600 examples).
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5% 10% 100%

d 75 80 85
de 73 74 85
de+d 79 80 86
mpE+Sc⇒ d 75 82 87
mpE+Sc⇒ de+d 82 84 86

Table 6: (w)F1 scores of MOSAIC trained on Dan-
skCXR (d) and its English translation (de), with and
without pretraining on mpE+Sc, on full data (100%)
and two training dataset subsets (5% and 10%).

20 40 60 80 100
0.60

0.65

0.70

0.75

0.80

0.85

(w)F1 (+)F1 ( )F1

Figure 6: Data ablation study on DanskCXR shows
that using just 480 examples (30% of the full
dataset) is sufficient to reach peak performance.

3.6. Data augmentation
We also explore the benefit of data augmentation in
domain adaptation. This experiment involves ma-
chine translating the original Danish dataset into
English, obtained using Gemma-27B, to which we re-
fer to as de. Models trained on this data were eval-
uated on the translated test set, which consistently
yielded stronger results. Remarkably, initializing
MOSAIC from mpE+Sc and fine-tuning on only 5% of
d achieves a (w)F1 score just 4 points below that
of the full-data setup, highlighting the impact of pre-
training and the surprisingly low data requirement
for effective adaptation with data augmentation.

Finding 7. Data augmentation through ma-
chine translation improves classification per-
formance when there are limited resources
in a desired language. This can reduce the
effort required for expert data annotation.

3.7. Imaging modality adaptation
The DanskMRI dataset consists of Danish MRI
reports annotated for three epilepsy-related brain
abnormalities. Unlike chest X-ray datasets, these
findings relate to neurological imaging, introduc-
ing both clinical and linguistic shifts. As shown
in Figure 7, adaptive fine-tuning on external chest
X-ray datasets (mpE+Sc) improves performance

Focal Cortical
Dysplasia

Hippocampal
Abnormalities

Mesial Temporal
Sclerosis

0.70

0.75

0.80

0.85

0.90

0.95
B
MPE + SC B
MPE + SC Be + d

Figure 7: Performance of MOSAIC on the DanskMRI
dataset, measured as (+)F1 across three epilepsy-
related abnormalities from MRI reports.

over the base model for Focal Cortical Dysplasia
and Mesial Temporal Sclerosis. This suggests that
while cross-modality transfer can be effective, it
may not generalize uniformly across all conditions.
Adding English data augmentation improves con-
sistency across all findings. In particular, it recovers
performance on Hippocampal Abnormalities with-
out sacrificing gains on the others. These results
highlight the benefit of lightweight augmentation
when adapting to new modalities, especially un-
der language and data constraints, as only 194
examples are provided for fine-tuning.

Finding 8. Cross-imaging modality transfer
improves performance; English data augmen-
tation enhances consistency.

4. Conclusion

We present MOSAIC, an approach for radiology
report classification designed for local deployment
and practical use. MOSAIC is a fine-tuned small
language model trained on publicly available mul-
tilingual chest X-ray datasets (MIMIC, PadChest,
CASIA). Unlike existing methods, it remains effi-
cient while being flexible across languages and la-
bel taxonomies. We evaluate MOSAIC on English,
Spanish, French, and Danish reports across two
imaging modalities, finding robust performance in
all settings. With as few as 80 annotated examples,
it adapts effectively to new data distributions. As the
first method to combine efficient multilingual adap-
tation with taxonomy-agnostic prompting, MOSAIC
delivers state-of-the-art results across languages
and taxonomies on standard hardware. By remov-
ing the need for large, expert-annotated datasets
and language-specific models, it offers an accessi-
ble, scalable alternative for clinical NLP. MOSAIC
is released in 4B and 12B parameter versions, both
trained on public data, to support responsible and
reproducible AI in healthcare.
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Limitations

While MOSAIC shows strong performance across
a range of datasets, it has several limitations. First,
the model lacks interpretability: its predictions are
based on internal transformer representations with-
out transparent reasoning or token-level explana-
tions. This opacity can be a barrier in clinical con-
texts, where trust and accountability are critical.
Future work could explore integrating explainable
components. Second, for some datasets there are
no established baselines, making it challenging to
benchmark relative performance. Third, our eval-
uation focuses primarily on positively mentioned
findings. However, some clinical applications may
require precise handling of negative and uncertain
statements, which we do not evaluate on. Finally, al-
though MOSAIC generalizes well across languages
and imaging modalities, it struggles with rare or un-
seen conditions.
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