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1 Context

The International Classification of Diseases (ICD) is a standard taxonomy widely used for diag-
nostic coding in healthcare systems. Manual assignment of ICD codes from clinical narratives (e.g.
discharge summaries, pathology reports) is time-consuming and expensive. Automated ICD coding
aims to assist professionals by predicting the appropriate set of ICD codes for a given clinical text.
Recent reviews highlight that this is a hot research area, with challenges including large label sets,
severe class imbalance, and the hierarchical dependencies among codes [1]. Moreover, many mod-
ern proposals try to better exploit taxonomic relationships between codes (for example via graph
neural networks, label embedding methods, or hierarchical regularization) to improve prediction
accuracy and consistency [2].

2 Objective

This thesis aims to evaluate, compare, and possibly extend state-of-the-art methods for automatic
ICD coding under a multi-label hierarchical classification framework. Specific goals include:

• Systematically survey recent methods and publicly available codebases for ICD coding, in-
cluding attention-based, graph-based, and hierarchical-aware architectures.

• Select a few strong baseline implementations from GitHub or related repositories, adapt them
to your clinical dataset, and benchmark their performance in terms of micro / macro F1,
hierarchical consistency, and calibration.

• (Optional) Propose a slight architectural modification (e.g. incorporate hierarchical con-
trastive learning or label-aware attention) and evaluate whether it gives improvements over
baselines.
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3 Rationale

Automatic ICD coding is naturally amulti-label task, and the ICD system is organized hierarchically,
so a plain “flat” multi-label classifier may ignore important parent–child relations. Hierarchical
multi-label classification methods can exploit structure to improve performance [6,10]. Some recent
works reframe hierarchical text classification as sequence-to-sequence tasks [7, 8] to better capture
label dependencies. Other architectures (e.g., hierarchical multi-label classification networks [9])
explicitly model hierarchical relations in their layers. In the medical domain, regularization and
hierarchical constraints (e.g. parent–child consistency) have been integrated into neural ICD coding
models to reduce spurious predictions [4, 5]. By combining insights from hierarchical classification
theory and domain-specific ICD coding literature, this thesis can both assess practical performance
and explore possible extensions.

4 Approach

The proposed research pipeline consists of the following steps:

• Literature and code survey: Conduct a systematic review of recent approaches to multi-
label hierarchical text classification, with a particular focus on automatic ICD coding. Identify
publicly available implementations and benchmark repositories that can serve as baselines.

• Dataset preparation: Select and preprocess one or more clinical text corpora annotated
with ICD codes (e.g., MIMIC-III, pathology reports). This step includes data cleaning,
tokenization, and splitting into training, validation, and test sets.

• Baseline experimentation: Train a range of representative models (e.g., flat multi-label
classifiers, hierarchy-aware methods, and graph-based models) on the chosen dataset(s). Eval-
uate their performance using hierarchy-aware metrics [3] in addition to standard multi-label
measures.

• Error and performance analysis: Investigate model behavior by analyzing error patterns,
challenges with rare codes, prediction calibration, and consistency across hierarchical levels.

• Architectural extension (optional): Design and test a lightweight modification to an
existing baseline (e.g., hierarchical contrastive loss, label-aware attention, or sequence-to-tree
decoding). Compare its performance against unmodified baselines to assess its added value.

5 Requirements

The candidate is expected to bring, or be willing to acquire, the following competencies:

• A background in computer science, biomedical engineering, or a related discipline.

• Good programming skills in Python. Familiarity with NLP libraries (e.g. HuggingFace,
PyTorch) is a plus.

• Basic understanding of machine learning, deep learning, and natural language processing.
Bonus: Completion or attendance of courses in Natural Language Processing or Artificial
Neural Networks and Deep Learning.
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• Ability to read and understand others’ code, adapt it for experiments, and analyze results
quantitatively.

• Write clean code, document the work, and present findings in a reproducible fashion.

If you think you might be a good fit for this project or would like more information, please contact
us at riccardo.gibello@polimi.it. The listed requirements are meant to provide a clear picture of
the project and are not strict prerequisites. If you are motivated and eager to learn, we encourage
you to reach out regardless of prior experience.
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