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● Backbone of training imaging 
classification systems
○ regex is everywhere
○ SSL emerging as an alternative

■ This is compute-intensive 
compared to LLM knowledge

● Not much publicly shared data
○ MIMIC-CXR, CheXpert, etc.

● Disjoint findings labels
○ MIMIC-CXR: 15 findings
○ PadChest: 49 findings 3

Radiology Report Classification





How can we combine 
publicly available radiology 

report resources into a 
single classification model?
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● Fully open source: keep your medical data on-site

● Accessible: run and train on inexpensive general-purpose GPUs
○ training and inference on an 24GB RTX 3090

● Multilingual: works for any EU27 major language
○ only evaluated in 4 languages due to data availability

● Flexible: adapts to different findings labels with minimal intervention
○ LLMs are reservoirs of written human knowledge
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Desiderata



● Finetuned on 10K reports in 
English, Spanish, and French
○ QLoRA optimization on the 

Q,K,V, FF, and Output layers
○ Need maximum of 16.2G 

VRAM and 33 minutes for SFT

● Prompt-based inference that 
can predict up to 68 findings
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MOSAIC-4B and 12B

ENG ENG ESP FRA DAN

1. CheX-GPT, 2. CASIA-CLS, 3. DanskBERT
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Require JSON-structured responses

Define style of positive/uncertain findings

Negative mentions

Prompt-based Inference



● Focus on publicly available datasets
○ 194-7600 training examples
○ 115–1941 characters
○ 3–49 findings across variable number of mention classes

● DanskMRI evaluates performance on different imaging modality
10

Datasets



● Setups:
○ Zero-shot prompting
○ Few-shot prompting
○ Dataset-specific fine-tuning

● Gemma and LLaMA LLMs
○ 3B–27B variants
○ General and medical domain
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Which Backbone LLM?

Finding 1: No substantial difference between 
general / medical domain models
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Finetuning on Public Datasets

Gemma-12B

● How does performance improve as we train on different label sets?

Finding 2: Improvements are additive and do not seem to interfere

Gemma-12B + MIMIC
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New Dataset Adaptation

Finding 3: MOSAIC is a better starting point for new data

+17
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How Much Data Do You Need?

Amount of finetuning data
%

Finding 4: You don’t need much data if you start from MOSAIC



● Adapt MOSAIC to predicting three 
findings in Epilepsy MRI reports

○ Gemma-12B SFT on 196 reports
○ MOSAIC-12B

■ + ENG translation of 196 reports

15

Different Imaging Modality

Finding 5: MOSAIC can be repurposed to a new modality



● Multimodal inputs could improve performance but how to handle 
reports from different imaging modalities

● Simple text-only augmentation could substantially improve 
performance [Aepli and Sennrich, 2022; Kaya et al. 2025]

● Multi-agent LLMs could better handle different mention classes

● Broken tokenizers could be fixed to further improve performance
○ See, e.g. TokenDist [Dobler et al. 2025]

● Synthetic data generation using self-consistency [Wang et al. 2023]
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Open Directions



Conclusions
● Multilingual LLMs are radiology report classifiers

○ Handle different label sets
○ Handle reports from different imaging modalities

● Multilingual multi dataset SFT can reduce the total 
amount of data that needs expert annotation
○ Focus the time of our clinical colleagues on labelling 

lower-frequency findings or difficult examples

● MOSAIC is open source
○ Please tell us if it works for your data and language
○ https://github.com/aliswh/mosaic 
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https://github.com/aliswh/mosaic
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