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1 Context

The European Database on Medical Devices (EUDAMED) collects structured information about
medical devices in the EU, such as UDI codes and manufacturer details. However, it often lacks
detailed free-text descriptions of device functionality. This limits more advanced analysis and
automated monitoring. This project aims to complement EUDAMED by collecting and processing
unstructured data from publicly available web sources.

2 Objective

The goal is to create an open dataset of medical device descriptions from web data. You will
develop a complete Machine Learning pipeline to process, filter, and extract useful information to
enrich EUDAMED.

The main tasks are:

1. Data Collection & Engineering: Build and maintain a web crawler to gather structured
metadata and free-text content from manufacturer websites.

2. Gold Standard Creation: Annotate data using tools like Label Studio [1, 8] to produce
high-quality ground truth for:

• Page Classification: Identifying valid medical device pages.

• Named Entity Recognition (NER): Extracting entities like device names, therapeutic
areas, and intended uses [6].

3. NLP Pipeline Development: Build an ML pipeline to clean data and extract knowledge:

• Train a classifier to filter relevant web pages.

• Train NER models to map unstructured text to structured EUDAMED fields.
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3 Expected Skills

By completing this project, the student will gain practical experience in:

• End-to-End ML Workflow: From data collection and cleaning to annotation, model train-
ing, and evaluation.

• NLP Techniques: Text classification and entity extraction using modern libraries.

• Data Curation: Creating reliable annotated datasets, an important skill in ML projects.

• Evaluation: Understanding precision, recall, F1-score, and debugging models on noisy web
data.

4 Research Aspect: Semi-Supervised Learning

As an extension of the engineering-focused project, it is possible to explore semi-supervised
learning to improve model performance when labeled data is scarce. A Multi-View Learning
approach [2–5, 7, 9] could be applied, leveraging multiple complementary views of web pages, such
as:

• Page text: The raw content of the page.

• HTML metadata and tags: Structured elements that provide semantic cues.

• URL structure: Patterns that may indicate device type or manufacturer.

The main idea is to train separate classifiers on each view and use confident predictions from
one to augment the training data of the other(s), in a co-training or tri-training framework.
Iteratively, this can expand the labeled dataset and improve performance.

Possible challenges include:

• Ensuring that the views provide sufficiently complementary information.

• Preventing the propagation of incorrect pseudo-labels between classifiers.

• Balancing model complexity with limited labeled data.

• Adapting classical co-training ideas to modern text representations (e.g., transformer embed-
dings).

Exploring this direction would offer insights into how web-derived multi-view features can be
combined effectively in a semi-supervised NLP pipeline.

5 Candidate Profile

We are looking for students who are motivated to experiment and learn.

• Background: Computer Science, Biomedical Engineering, or related fields.

• Programming: Proficiency in Python. Experience with web scraping (Scrapy, Beautiful-
Soup) or data processing (Pandas) is a plus.
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• ML/NLP Interest: Basic understanding of ML concepts. Curiosity and willingness to learn
libraries like PyTorch, HuggingFace, or TensorFlow.

• Scientific Mindset: Interest in semi-supervised learning and producing well-documented,
reproducible results.
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