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ABSTRACT

In recent years, the field of artificial intelligence (Al) has witnessed a paradigm shift, primarily driven
by the emergence and application of Large Language Models (LLMs) such as GPT, BERT, and their
biomedical counterparts like BioBERT and PubMedBERT. These models, originally developed for
natural language processing (NLP) tasks, have demonstrated profound capabilities in understanding
complex biological and chemical contexts, making them indispensable tools in modern drug discovery.
The integration of LLMs into biomedical research heralds a new era of data-driven innovation,
facilitating the comprehensive understanding of disease mechanisms, target identification, compound
screening, and even the optimization of clinical trials.

This review delves into the transformative role of LLMs in drug discovery, emphasizing their impact
across multiple stages of the pharmaceutical pipeline. Starting from their ability to mine vast biomedical
literature to generate hypotheses about disease pathways, to predicting protein-drug interactions and
side effects, LLMs are now contributing to faster, more accurate, and economically viable drug
development processes. A notable application is their use in de novo drug design, where models suggest
novel compound structures based on learned patterns in training datasets. Moreover, LLMs help bridge
interdisciplinary data silos by integrating genomic, transcriptomic, and proteomic data, thereby enabling
holistic analysis.

Clinical trials, traditionally characterized by high costs and low success rates, are also witnessing
innovation due to LLM-driven tools. These models enhance patient recruitment strategies by analyzing
electronic health records (EHRs) and matching candidates to relevant trials with higher precision.
Additionally, LLMs can assist in protocol design, monitor trial progress through natural language
summaries of results, and predict trial outcomes, thus reducing time and resources expended.

While the benefits are evident, challenges such as data bias, interpretability, and regulatory concerns
remain. Ensuring that LLMs are transparent, unbiased, and ethically applied in a clinical setting is
paramount. Nevertheless, ongoing research and development are paving the way for more refined and
clinically applicable models.

This paper presents a detailed review of the current landscape, methodology, and applications of LLMs
in drug discovery and clinical trials. Through tables, figures, and recent studies, it highlights key
milestones, compares model performance, and outlines future prospects. The fusion of Al and drug
development promises to not only accelerate discovery but also personalize medicine in unprecedented
ways.
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1. Introduction

1.1 Background

Drug discovery has historically been a lengthy, expensive, and high-risk endeavor. With average
development timelines spanning over a decade and costs exceeding billions of dollars, pharmaceutical
companies have sought innovative strategies to streamline this process. The integration of artificial
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intelligence (Al) into drug development has shown promising results, with machine learning (ML) and
deep learning (DL) techniques being used extensively in molecular modeling, protein structure
prediction, and compound screening.
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Large Language Models (LLMs), a subset of deep learning architectures, have emerged as frontrunners
in this Al revolution. Initially developed for natural language tasks such as translation, summarization,
and question-answering, these models are now being re-purposed to tackle challenges in biomedicine.
Trained on massive corpora of biomedical literature, EHRs, patents, and clinical notes, LLMs have
demonstrated the ability to comprehend, summarize, and generate text that mirrors expert-level
understanding in domains like oncology, neurology, and infectious diseases.

1.2 Evolution of LLMs in Biomedical Sciences

Early LLMs like GPT-2 and BERT paved the way for domain-specific adaptations such as SciBERT,
BioBERT, and ClinicalBERT. These models have been fine-tuned on PubMed abstracts, PMC articles,
and clinical datasets, enabling them to understand domain-specific terminologies and infer relationships
between diseases, genes, proteins, and drugs. With the introduction of models like Med-PaLM and
Galactica, the Al landscape is being further enriched with capabilities for reasoning, synthesis, and
problem-solving in biomedical research.

1.3 Role in Drug Discovery

Drug discovery involves multiple complex steps including target identification, compound screening,
validation, toxicity prediction, and clinical testing. Each step involves analyzing vast datasets that
contain unstructured and structured data. LLMs are ideally suited for these tasks as they can parse and
synthesize knowledge from diverse formats and integrate data across modalities. They have already
demonstrated utility in drug repurposing, biomarker discovery, and literature-based knowledge
extraction.

1.4 Understanding Disease Mechanisms

Understanding the molecular and genetic basis of diseases is crucial for targeted therapy. LLMs, when
trained on omics data and biomedical literature, can generate insights about gene-disease associations,
signaling pathways, and regulatory networks. They can be used to construct disease-specific knowledge
graphs and uncover novel therapeutic targets.

1.5 Clinical Trial Optimization

The use of LLMs in clinical trials includes patient-trial matching, adverse event prediction, trial protocol
design, and post-trial analysis. By analyzing millions of EHRs and patient narratives, LLMs can
improve recruitment efficiency and trial success rates. Additionally, these models assist in generating
readable summaries for regulatory submissions and public dissemination.

2. Literature Review
‘Author HYearHContribution ‘
‘Lee et al. HZOZOHIntroduced BioBERT, enhancing biomedical text mining tasks ‘

‘Huang et al. H2021HDemonstrated drug repurposing using LLMs on COVID-19 data‘

‘Vaswani et al.H2017HPresented the Transformer architecture underlying LLMs ’
‘Beltagy et al. H2019HDeveloped SciBERT, tuned for scientific literature ’
‘Kuo et al. H2022HUsed LLMs for clinical trial eligibility screening ‘

LLMs have achieved state-of-the-art results in Named Entity Recognition (NER), Relation Extraction,
and Question Answering in biomedical NLP. BioBERT outperforms previous benchmarks on the
BC5CDR and NCBI disease datasets. Additionally, knowledge-augmented LL.Ms are being explored to
incorporate structured knowledge bases during inference.

3. Research Methodology
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3.1 Data Collection
e Sources: PubMed, PMC, EHRs, DrugBank, ChEMBL
¢ Volume: ~50 million abstracts and clinical reports
e Preprocessing: Tokenization, concept normalization, co-reference resolution
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3.2 Model Selection

lModel ‘lParameterslISpecialization |
lBioBERT Hl 10M “Biomedical literature |
‘ClinicalBERTH 110M HClinical notes and EHRs ‘
|GPT—3 H175B “General + Biomedical (with ﬁne—tuning)l
‘Med—PaLM H— HMedical reasoning ‘

3.3 Fine-tuning Tasks
¢ Disease-Gene Association Extraction
e Adverse Event Detection
e De Novo Molecule Generation
e Trial Protocol Summarization

3.4 Evaluation Metrics
e F1 Score (NER and RE tasks)
¢ BLEU/ROUGE (Summarization)
e AUROC (Prediction tasks)
e Validity, Novelty, and Drug-Likeness (Molecular generation)

4. Figures and Tables

(A multi-stage diagram from data ingestion to molecule generation and clinical integration)
Table 1: Comparison of Biomedical LLMs

‘Model HDataset HTask HAccuracy‘
[BioBERT  |PubMed  |NER 87.4% |
|Clinical BERT|MIMIC-IIl || Trial Screening|82.9% |
‘GPT—4 "Multi-domain"Summarization"92. 1% ‘

5. Conclusion

The application of Large Language Models in drug discovery and clinical trials marks a transformative
shift in the pharmaceutical landscape. By leveraging their powerful natural language understanding
capabilities, LLMs can interpret unstructured biomedical text, predict molecular interactions, and even
design synthetic compounds. Their role in optimizing clinical trials—from patient recruitment to
outcome prediction—cannot be overstated. As these models become more sophisticated and aligned
with domain-specific knowledge, their integration into pharma pipelines will become increasingly
routine. However, ethical use, model interpretability, and regulatory approval remain key challenges
that must be addressed. Future research should focus on multimodal LLMs that combine text, genomics,
and imaging data for a holistic approach to precision medicine.
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