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The Challenge in Oncology Trials

Background

Early phase oncology trials are complex: novel compounds, unique designs, and critically ill 

patients.

Time is critical—rapid data insights drive pivotal GO/No-GO decisions. 

Legacy tools are often rigid, slow, or insufficient for ad-hoc exploration.

Traditional custom analysis requests can delay decisions by days.

Need: A faster, flexible solution without compromising rigor in a regulated environment.



A Robust, Deterministic Foundation

Our Initial Solution

We developed a self-service R Shiny application to empower clinical scientists and medical reviewers to 

explore baseline characteristics and efficacy.

Core Principle: Provide a reliable suite of interactive tools designed to unlock maximum degrees of 

exploration for self-service analysis

Built with a modular design for scalability across different studies and data models (e.g., Medical 

Review, ADaM)

Key features for efficient data review and exploration:

Two-tier filtering (global and local scoped) system

Create on-the-fly subgroups

Traceable exports (PPTX, DOCX) with metadata

Reproducible R code generation





The Limits of Pre-Programmed Flexibility

Hitting a Wall

Our application was a major step forward, but we quickly saw some limitations, based on clinical 

scientist review workflows

Example: Filtering for simple criteria (e.g., Age > 40) is easy, but dynamic ones (e.g., Filter participants 

above the mean of their treatment arm") were challenging.

Every unique ad-hoc request or study-specific nuance would require new, some dedicated 

programming.

It was impractical to anticipate and hard-code every possible analytical question, creating a new kind of 

bottleneck. 

This prompted the question: can we bridge this gap through other means?



How can we leverage them?

Exploring Large Language Models (LLMs) 

Recent LLM integrations in the R ecosystem opened new possibilities. 

Implemented a chat interface using querychat package for natural language data interaction.

Users type requests like "filter observations above the mean age of the sample" 

System shows generated SQL query for transparency (and verification)

Actual data is filtered

Data analysis capabilities for custom statistical summaries 

 "Ask, review, trust but confirm" approach - quick insights with offline verification for critical decisions





Inference

Expanding LLM Exploration:

Early feedback so far: Intuitive, fast and useful. But requires user guidance for precise queries.

LLM-assisted interpretation of visualizations/tables for rapid insights.

Feature: One-click analysis of content like bar graphs, including user settings (e.g., filters).

Acts as a “second pair of eyes” to spot trends or confirm observations.

Operates in a “vacuum,” missing full study design context and nuances.

Supports quick sanity checks while requiring human oversight for critical decisions.





Novel Content

Expanding LLM Exploration:

Up to now: content is generated in deterministic, pre-programmed modules where options and filters 

enable flexibility (e.g. bar plot, summary table)

Our next LLM exploration focused on generating altogether new plot types (ggplot2) and table 

summaries (Tplyr) not present anywhere in the application

In development, and builds on the querychat approach of blending LLM tool calling and shiny reactivity.

Positive end user reception, but with some challenges (more later).

Examples…
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Some Observations so far

LLM Explorations:

Complexity adds effort: Multi-step logic and nuanced operations need careful system design and testing.

Data structure mismatches: Joining single-row (demographics) with multi-row (labs) tables failed

Specialized clinical outputs: Novel requests (e.g., eDish plot, shift table) are difficult—LLMs may lack 

knowledge of them, and execution requires complex operations.

User-jargon gaps: Terms like "faceting" or "spanning headers" aren't intuitive for clinical reviewers.

Context awareness: Interpretations miss study design, protocol, and clinical intent.

Path forward: Refining system prompts, providing additional instruction sets, and LLM evaluations can 

help study this in a more principled way



Take aways

LLM Explorations:

Deterministic approaches are best for standardized, high-stakes analyses (e.g., efficacy 

reporting).

LLMs excel in rapid, exploratory tasks but require verification and context. They must be 

utilized in the right context.

User awareness and education on strengths and limitations of LLM technology is crucial to its 

effective application.

Hybrid approach combines innovation with precision—neither alone suffices for what we aim 

to achieve.

Expose deterministic, pre-written functions as tools to LLM as a bridge



Challenges

Future Looking

Position our hybrid Shiny + LLM-enabled application as the cornerstone of an end-to-end disease data 

strategy within oncology.

Unite all trial functions—data management, monitoring, insights, stats, and clinical leads—on one 

collaborative platform.

Front-load key components from protocol and EDC building to submission reports for seamless 

integration.

Enhance LLMs with context (e.g., protocol, SAP) via RAG, while maintaining HIL oversight for expert 

judgment.

Transform trial conduct: Accelerate decisions, ensure rigor, and drive effective data-driven outcomes.
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