Automated Extraction of Pharmaceutical Knowledge Using
Artificial Intelligence for the STEP Database

Sifan Hu'; Sagar Uprety!; Sridhar Radhakrishnan?; Chandra Sekharan?; Peter Silvera?; Ranjana Srivastava*; James Cummins>;
Kristen Porter®; Santosh Reddy Nella®; Daniel Schaufelberger’; Bruno Hancock3; Savani Deshpande'; Smita Salunke

1 UCL School of Pharmacy, London, UK; 2 School of Computer Science, University of Oklahoma, USA; 3 Department of Computer Science, Texas
A&M University Corpus Christi, USA; 4 Advanced Bioscience Laboratories, Inc, USA; ° National Institute of Allergy and Infectious Diseases (NIAID),

USA; ¢ Vincatis Technologies Private Limited, India; * Schaufelberger Consulting LLC, USA; 8 Aleurites LLC, USA

INTRODUCTION

GAP SOLUTION BENEFITS
Manual data integration: ' '
@ I ﬁ;,. STEP databass I
Safety & Toxicity of Excipients For Paediatrics Operati0n8|
| I— Efficiency
... |
aa R 0
Very Slow High Training YA N
Needs D\ S —
NRERIR Uniform |=| ~ |
e Approach to H a
Incorporating | =— | —tp —
gT P g ’ New Data § U
Expensive Difficult to Scale _}

Needs for a shift towards
automated processes

Challenges in pharmaceutical knowledge extraction:
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Domain-Specific Abbreviations Synonymy Inconsistent Terminology
Language and Acronyms Annotations Variation
"DDI" prug-Drug Interaction "10 mg/kg twice daily” ( Tylenol ) ( Panadol )
Antipyretic . . - ‘one tablet every 6h" Paracetamol (UK)
- PK/PD Pharmacokmetucs/ CAcetaminophen) ( )
Pharmacodynamics "500-1000 mg every 4-6 hours" (_  Acetaminophen (US) )
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Objectives: ’

e To provide a comprehensive analysis of existing Al-driven
methods for information extraction, highlighting their tools,
techniques, and pharmaceutical applications.

 To critically assess the limitations, unresolved challenges,
and performance gaps that constrain current information
extraction systems.

* To explore emerging trends and potential solutions that
hold promise for improving accuracy, scalability, and
regulatory compliance in pharmaceutical information
extraction.
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CONCLUSION

The results of this review informed model selection for applying Al-

enabled information extraction to the STEP database, although direct
evaluation on STEP data is ongoing.
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Information Extraction Tasks:

Datasets and Evaluation Metrics:

CHEMPROT, KD-DTI

Chemical & Drug Dataset
BC4CHEMD, BC5CDR, DD,

JNLPBA, GAD

Disease & Gene/Protein Datasets

NCBI-Disease, Linnaeus, BC2GM,
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RESULTS

Clinical Datasets
THYME, EU-ADR

There are also uses of custom datasets, which involves manual or Al-
assisted annotation, with information retrieved from clinical records, public
databases, and scientific literature.

Models are assessed using standard NLP metrics:
Precision: The proportion of true positive results among all predicted

positives.

Recall: The proportion of true positives identified out of all actual positives.

F1-score: The harmonic mean of precision and recall, widely used as the
main performance indicator in biomedical NER and RE tasks.
Accuracy: Occasionally reported, though less common for imbalanced

classification tasks |

ike NER.

Evolution of Information Extraction Approaches by Year
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COMPARATIVE ANALYSIS & LIMITATIONS
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intensive, high
data
dependency

Expensive
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Representative Metrics for Different
Models on NER and RE Benchmarks

ScispaCy sci BC4CHEMD 84.55 Neumann et al.
md (2019)1
BiLSTM-CNN- BC4CHEMD 93.6 Kocaman et al.
Char (2022)2
BERN2 BC4CHEMD 92.8 Sungetal.
(2022)3
BioBERT BC4CHEMD 92.36 Leeetal
(2020)*
GPT-3.5 (zero- BC4CHEMD 26.01 Jahanetal.
shot) (2024)°
LIaMA2-13b- DDI 80.00 Lietal. (2025)
BiomedRAG
ChatGPT (zero- DDI 51.62 Chen et al.
shot) (2023)7
LlaMA2-7b EU-ADR 93.18 Chellagurki et
(fine-tuned) al. (2024)8
GPT-3.5-turbo  EU-ADR 80.9 Zhang et al.
(zero-shot) (2024)°
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