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ABSTRACT 
Tables, listings, and figures (TLFs) are key components in clinical trial reporting, yet their generation remains a time-

consuming task. Programmers often face tight deadlines and must ensure outputs are both accurate and traceable. 

In this work, we present an agentic workflow for automating table creation using large language models (LLMs). Our 

code assistant, meRlin, accepts requests for a clinical reporting table from the user, retrieves relevant R code 

templates, and accesses clinical data and trial documents such as the ADS plan and Clinical Trial Protocol (CTP). 

Based on these inputs, meRlin adapts the code templates to generate tailored R code. Programmers can then 

review, execute, and debug the code with the assistant’s support. We illustrate the approach with reference table 

examples and discuss future enhancements.  

INTRODUCTION 
Tables, listings, and figures (TLFs) are essential components in clinical trial reporting, providing the necessary 

structure for communicating results and supporting regulatory submissions. However, the process of generating 

these outputs is often highly time-consuming, requiring programmers to navigate complex datasets and 

documentation while working under tight timelines. Ensuring that each output is both accurate and traceable adds 

another layer of complexity, making efficiency and precision critical but challenging to achieve. 

In recent years, the emergence of artificial intelligence (AI) tools has offered new opportunities to streamline the 

drafting and generation of clinical trial documents [1], including TLFs [2]. Large language models (LLMs) and code 
assistants are increasingly being used to automate repetitive programming tasks, reduce manual effort, and minimize 

human error [3]. These AI-driven solutions can interpret user requests, retrieve relevant templates, and adapt code to 

specific data and documentation requirements, thereby accelerating the overall workflow and enhancing productivity 

for clinical programmers. 

In this work, we introduce meRlin, an agentic code assistant designed specifically for automating the creation of TLF 

elements in clinical trials. meRlin operates by accepting user requests for specific TLF outputs, retrieving appropriate 

R code templates, and accessing essential clinical data and trial documents such as the ADS plan and Clinical Trial 

Protocol (CTP). By adapting these templates to the context of each request, meRlin generates tailored R code that 

programmers can review, execute, and debug with guided support. In the current implementation, we focus on the 

generation of clinical reporting tables, but in the future we plan to extend the architecture to handle other relevant TLF 

element types. 

LLMs are few-shot learners [4], and the key idea underlying meRlin development is to provide the language model 

that is powering the agent “good” examples of how the final output should look. This requires refocusing efforts from 
prompt engineering to the wider engineering of the LLM context: the right piece of information (e.g., code template) 

should be provided to the LLM together with the piece of knowledge (e.g., the ADS plan) that is needed to generate 

the code for the specified TLF item.  

The remainder of this paper details the methods underpinning meRlin’s workflow, presents reference table examples 

to illustrate its functionality, and discusses the results and potential future enhancements of this AI-driven approach. 

METHODS 
meRlin is built as an R shiny [5] application that can be run within an RStudio instance. It integrates multiple data 

sources and tools to support table generation workflows, as displayed in Figure 1. 

meRlin is distributed as a company internal R package that can be installed from users through the standard 

install.packages function. Originally, meRlin started as a fork from the gptstudio [6] project, adapted to integrate 

access to third-party LLMs via a company approved platform. With time we introduced several changes to the original 

package, and now it is developed as a fully standalone project. 

Once started, meRlin launches a non-blocking server, implemented through fiery, that sets up a connection to the 

user’s R console. This server is termed context API in Figure 1, provides relevant local context to the LLM agent. This 

local context consists of metadata of dataframes in the R environment, R (or other language) code scripts, directory 

names and their structure. It also supports semantic search via an in-memory vector store, which is populated with 
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trial documents uploaded by the user. In this way, the user can search for relevant information in documents such as 

the CTP, the Trial Statistical Analysis Plan (TSAP), the ADS plan and the Table of Contents (including detailed 

information about the TLF elements that the programmer needs to produce). Access to the local context via the 

context API is implemented via the ellmer [8] tool logic: we implemented different tools that allow the LLM powering 

meRlin to read files, extract metadata from dataframes and perform dense retrieval according to the Retrieval 

Augmented Generation (RAG) framework [9]. 

The second important source of context for the LLM is provided by the Code Template API in Figure 1. This service is 

run remotely on a company internal cloud and allows the LLM powering meRlin to access data relevant to the 

generation of TLF code templates. In particular, the Code Template API consists of a database that is regularly 

synchronized to three main repositories of code templates: 

1. The TLG catalogue [10], 

2. The Cardinal template catalogue [11], 
3. A company internal template catalogue. 

The database indexes the R code for the templates in the catalogues, along with a description of the corresponding 

TLF element. Then, the user is able to search in the database via a keyword-based method. Again, the search 

functionality is implemented as an ellmer tool that provides context to the LLM. 

Finally, we would like to provide some information about the LLM that are used to power the AI agent. The user of 

meRlin can use several proprietary and open weights LLMs, thanks to a custom integration to the ellmer package. 

Because the use of confidential data with public services is prohibited by company policy, we integrate LLMs via an 

API platform that has passed company approval. This platform allows to select several models from third party 

providers as well as hosted in the company compute cluster. Users can select models depending on the 

requirements of their task, favoring smaller language models for simple tasks and larger models for more complex 

Figure 1: Schematic for the meRlin architecture. The agent is developed across local and remote environments. In an 

RStudio instance, the Context API provides the LLM powering meRlin with context from the R environment, the working 

directory and relevant trial documents. Hosted on a company cloud platform, the Code Template API fetches TLF templates 

from open source and company specific repositories and supplies them to the LLM. 
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programming endeavors. 

To generate drafts for user required clinical reporting tables, meRlin: 

1. Identifies available datasets and variables in the R environment. 

2. Retrieves relevant table templates from a structured catalogue. 

3. Extracts study-specific logic from protocol documents. 

4. Generates R code using packages like rtables, tern, and cardinal.  

5. Refines and formats the code to match table shell specifications through iterative user interactions. 

In the next section we will discuss the current user interface and show examples for reference clinical reporting 

tables. 

RESULTS 

We begin this section by displaying the user interface of meRlin. We first load the package, then start the agent chat 

interface. The latter is visualized in the Viewer panel of RStudio, as shown in Figure 2. Note that the chat interface 

can also be started as a separate window, leaving the Viewer panel available for visualizations generated by the R 

console. By clicking on the arrow at the top left corner, the user can view the Chat History, which records all previous 

interactions with meRlin. Also, the user can select which LLM is powering the agent, choosing from both open 

weights and proprietary models.  

We start showcasing the possibilities offered by meRlin by presenting a read operation on a dataframe. We load a 

dummy ADSL dataset from the random.cdisc.data [12] package and ask meRlin to comment on its content (see 

Figure 3). Note that in this example and in the following ones we use the GPT-5 model from OpenAI [13] as the LLM 

powering the agent. meRlin provides a concise summary of the data, displaying the structure of the dataframe and 

listing the main variables and flags. 

As a next example, we show the agent response when being asked to display the R code to generate a clinical table. 

Figure 4 shows how meRlin searches the cardinal repository, fetches the requested table type, and returns a code 

snippet to generate it in the user R console. The same request can be done without providing a specific repository: 

meRlin will take care of fetching results from all the available templates and will display results to the user, asking for 

next steps. 

Finally, we show how it is possible to combine the agent capabilities to perform a complex task. Figure 5 shows an 

example in which meRlin is tasked to create a demographic table from another sample ADSL dataset. This time the 

user requires the agent to filter patients before generating the table, specifying conditions that are to be retrieved from 

the ADS plan. The agent breaks down the query into multiple steps, by fetching the relevant template and searching 

the ADS plan for flags to use to filter the variables. Then, meRlin aggregates the responses of the different tools in a 

single R script with the instructions to generate the table adhering to the specified conditions. 

 

Figure 2: Chat interface for meRlin. The user can interact with the agent via the Viewer panel in RStudio, while keeping using the R 

console. 
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Figure 3: Response of meRlin after being asked to comment on a dataframe that is loaded in the R environment. 

Figure 4: When asked to display the code to generate a demographic table, meRlin fetches the corresponding template from the 

requested repository and returns it to the user. 
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CONCLUSIONS 
In this paper we showcased the development of meRlin, an AI agent for supporting statistical programmers and 

clinical data scientists with producing TLF outputs, in particular clinical reporting tables. The agent searches a 

database for R code templates that are relevant to the user query, retrieves specific knowledge from trial documents 

and produces a draft for the R code that will be used to generate the required table. This flow is implemented to be as 

seamless as possible for the end user, who can query the tool in natural language and work on improving the draft 

that is generated directly in an RStudio instance. By giving unified access to different (internal and external) template 

repositories and trial documents, meRlin facilitates the workflow of users, with the final aim of increasing the speed 

and accuracy of the generated TLF outputs. 

As for the next steps, we plan to extend the template repositories to cover additional TLF element types (e.g., 

figures). Also, we are working to adapt the connection of the existing tools to the MCP standard [14], to allow for 

possible reuse by other agentic applications. Finally, we will continuously add support for new LLMs as they become 
available, so that users can benefit from technological advancements. 
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