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Introduction

▪ Longitudinal clinical profiles capture measurements across multiple time 

points. [Fitzmaurice et al., 2011]

▪ Such data are widely used in clinical monitoring, precision medicine, and 

anti-doping. [Singer & Willett, 2009]

▪ Recent advances in LLMs show promise for modelling sequential data. [Li et al., 

2024]

▪ Challenges:
▪ Complexity of longitudinal data

▪ Modality gaps for LLM training

▪ Data availability
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Aim: Adapt LLMs to understand the domain structure & temporal dynamics 

in longitudinal data.



STT-LLM: Structural-Temporal Tokenization for Large Language Model
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Key contributions:
▪ Structural-Temporal Embeddings 

E(X) to integrate both temporal 

patterns & structural relationships 

across metabolites.

▪ Structural Tokenizer S to capture 

topological relationships between 

metabolites

▪ Temporal Tokenizer T to capture 

sequential dependencies and 

dynamic pattern over time



Experiments
Datasets
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Real-world athlete datasets consisting longitudinal steroid profiles
▪ 6 steroid metabolites

▪ <20% anomalous profiles

▪ Training Dataset: 4000 male & female

Longitudinal Steroid Profile
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Results
Sequence Prediction (Zero-shot setting)
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STT-LLM consistently achieves the lowest error rates across all datasets and metrics, outperforming baseline LLMs in 

zero-shot sequence prediction.



Results
Anomaly Detection (Zero-shot setting)
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Datasets

STT-LLM shows strong gains in sensitivity & precision for global anomaly detection across all datasets.



Results
Overall Performance Comparison
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Performance comparison of LLM-native and STT-LLM tokenization strategies across different general-purpose LLMs

Performance of non-LLM baselines compared to STT-LLM on Steroid-M dataset



Conclusion

Summary of Contributions
▪ Presented STT-LLM framework, a tokenization strategy for longitudinal clinical data.

▪ Introduced structural–temporal embeddings to capture both biological relationships and temporal 

dynamics.

▪ Enabled LLMs to process longitudinal clinical profiles without modifying the model architecture.

Key Results
▪ STT-LLM consistently outperforms baseline LLMs in sequence prediction and anomaly detection.

▪ Ablation studies show the importance of combining structural and temporal information. 

▪ The framework produces more meaningful and interpretable representations of biomedical profiles.

Take-home Message
▪ Integrating domain knowledge (biological pathways) with temporal modeling allows LLMs to better 

analyze longitudinal clinical data.
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Thanks for your Attention!
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