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Laboratory measurements are routinely used in clinical decision-making as they provide valuable infor-
mation about a patient’s condition and future outcomes. However, these measurements are often irregularly
sampled and highly sparse, particularly outside intensive care settings. Traditional time series modelling ap-
proaches typically assume regularly sampled data, which limits their effectiveness in real clinical datasets.

Recent work in interpretable machine learning has explored embedding time series into spaces defined by
Signal Temporal Logic (STL). STL provides a formal framework for expressing temporal properties, enabling
models that are both predictive and interpretable. For example, the STELLE architecture introduces a concept-
based embedding strategy where trajectories are mapped into STL formula spaces using a robustness-inspired
kernel. This allows end-to-end classification with explanations grounded in temporal logic semantics.

While promising, these methods have primarily been evaluated on relatively dense and regularly sampled
data. Their effectiveness on sparse clinical laboratory data remains unclear. Furthermore, existing approaches
do not explicitly account for missingness patterns, information that may itself carry clinical relevance and
predictive value (informative missingness).

This project aims to extend STL-based embedding methods to address these limitations by incorporating
missingness information and adapting the framework for irregular clinical time series.

Methodological Steps. The project will proceed through the following steps:

1. A critical review of research on Signal Temporal Logic and robustness semantics, interpretability in time
series classification, handling missing data in clinical machine learning, and concept-based embedding.

2. Installation and exploration of the STELLE framework [T}

3. Baseline embedding - preparation of ICU and non-ICU laboratory datasets, generation of embeddings
using the existing STL framework, evaluation on supervised classification tasks, extraction and qualitative
analysis of STL formula explanations.

4. Missingness-aware extension - representation of missingness as additional binary indicator features,
extension of robustness computation to operate on observation masks, comparison of embeddings with
and without missingness awareness, evaluation of interpretability and predictive performance

5. Optional extension - integration of STL-derived rules into tree ensembles, random or robustness-guided
rule selection at decision nodes, evaluation of interpretability and accuracy trade-offs.

Requirements. To complete this project, the following prerequisites are recommended:

e Knowledge of Python and ML concepts. Familiarity with UNIX environments.

e Willingness to independently dive into the ML literature and test new approaches.

Depending on the results, continuation of the project in the context of a MSc thesis is possible.
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