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1. Introduction

* Pharmacokinetic (PK) predictions based on prior PK data, are critical in early drug Automated Table Information Extraction comprises:
development and off-label dosing. 1. Table Classification.
* Existing data sets are manually curated, lack study design or covariate details or 2. Named Entity Recognition (NER) within cells in the table.

cover only a handful of drugs (e.g. DrugBank, PubChem, PK-DB). 3. Entity Linking for terms within table cells

* Rich PK data are frequently presented in Tablesin Biomedical Literature. , ,
4. Relation Extraction between cells

* However, 20,572 papers were published under the search
term "Pharmacokinetics" in 2021 alone on PubMed.
Study objectives:

* Therefore, automated approaches are essential to efficiently extract PK data from
literature at scale. * Develop Labelled Corpora of PK tables and PK entities within tables cells.

* Develop Supervised Machine Learning Pipelines to perform steps 1 and 2.

2. Methods 3. Results

Data and Annotation Annotation

Model Development

e Atotal of 2,500tables were annotated for table classification and 2000 tables
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4. Conclusions

5. Future Work

v' This research presents the firstannotated corpora to train and evaluate PK table * Publish existing work for use by the community on pkpdai-search.com.

Classification and PK cell NER models. « Continue to improve existing models by providing more context (more labelled
v’ Effective prediction pipelines were developed to categorize PK tables classification data, surrounding cell information).

and identify relevant PK parameter and covariate entities « Develop labelled corpora and language models for Entity Linking and Relation
v Uniquely valuable to pharmacokineticists as it will allow them to filter Extractionfor PK Tables.

relevant tables. .

Apply the Pipeline to all PK articles from the PubMed Open Access Set.

v’ Provides the initial 2 steps towards automating PK table information extraction. . Investigate methods for parsing PDF tables to data frames to apply the method

more widely.
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